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A B S T R A CT 

English word pronunciation is a challenging knowledge acquisition problem in which general 

rule s ar e subjec t  t o frequen t  exception s o f  a n arbitrar y nature .  W e hav e develope d a  supervise d 

learnin g system ,  P R O,  whic h learn s abou t  Englis h pronunciatio n b y trainin g wit h word s an d 

thei r  dictionar y pronunciations .  P R O organize s it s knowledg e i n a  case-base d memor y whic h 

preserve s fragment s o f  trainin g item s bu t  doe s no t  remembe r  specifi c  trainin g item s i n thei r 

entirety .  Afte r  P R O ha s create d a  Cais e Bas e i n respons e t o a  trainin g set ,  i t  ca n pronounc e 

nove l  tes t  word s wit h substantia l  degree s o f  success .  Tes t  item s ar e processe d b y generatin g 

a searc h spac e i n th e for m o f  a  latera l  inhibitio n networ k an d embeddin g thi s searc h speu: e 

i n a  large r  networ k tha t  reflect s PRO' s previou s trainin g experienc e wit h relevan t  fragments . 

Spreadin g activatio n an d networ k relaxatio n ar e the n use d t o arriv e a t  a  preferre d pronunciatio n 

fo r  th e give n tes t  item .  I n thi s pape r  w e repor t  preliminar y tes t  result s base d o n a  trainin g 

corpu s o f  75 0 word s an d a  tes t  se t  o f  30 0 words . 

keywords: learning, case-based reasoning, parallel processing 

sessio n preference :  ful l  pape r 

Introductio n 

The rules underlying English word pronunciation are diverse, uncertain, and frequently at odds 

wit h on e another .  Fo r  example ,  whe n a  singl e vowe l  i s followe d b y a  consonan t  an d a  final 

"e "  a t  th e en d o f  a  word ,  a  goo d genera l  rul e say s t o pronounc e th e vowe l  a s a  lon g vowel . 

Thi s work s fo r  word s suc h a s "like, "  "rope, "  an d "mate. "  Unfortunately ,  i t  doesn' t  wor k fo r 

word s lik e "love, "  "move, "  "give, "  an d "have. "  Bu t  w e can' t  fix  ou r  rul e b y simpl y excludin g th e 

consonan t  "v "  fro m th e genera l  pattern ,  becaus e man y word s wit h a  "v "  d o obe y th e long-vowe l 

pattern :  "save, "  "gave, "  "jive, "  "cove. " 

Most  genera l  rule s fo r  Englis h pronunciatio n ar e subjec t  t o a  larg e numbe r  o f  exception s whic h 

appea r  t o b e largel y arbitrary .  I t  i s  temptin g t o sa y tha t  on e mus t  simpl y lear n eac h wor d o n a 

case-by-cas e basi s an d forge t  abou t  identifyin g a  rule-bas e fo r  thi s problem .  Indeed ,  onc e on e 
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has establishe d a  "sight-vocabulary, "  th e proces s o f  wor d pronunciatio n mus t  b e heavil y aide d 

and influence d b y th e proces s o f  wor d recognition . 

Yet there is evidence that children learning to read rely heavily on a facility for phonological 

recodin g whic h allow s the m t o mov e fro m th e writte n wor d t o a  pronunciatio n o f  tha t  wor d 

befor e achievin g recognitio n o f  th e wor d [Bradle y k .  Bryan t  1983 ,  Docto r  &c Colthear t  198 0 . 

Othe r  researcher s hav e argue d tha t  phonologica l  recodin g i s a  necessar y componen t  o f  skille d 

readin g a s wel l  (Goug h 1972) . 

We have implemented a model of English word pronunciation in the form of a computer program 

calle d P R O .  P R O learn s t o produc e phonologica l  encoding s (pronunciations )  fo r  isolate d inpu t 

word s b y firs t  trainin g o n word/pronunciatio n pairs .  Al l  memor y structure s utilize d b y P R O ar e 

create d automaticall y durin g training ,  an d P R O implement s a  mode l  o f  phonologica l  encodin g 

tha t  i s full y  independen t  o f  th e wor d recognitio n problem. ^ 

PRO operates by creating three types of memory structures in response to its training sessions: 

(1 )  th e Hypothesi s Base ,  (2 )  th e Cas e Base ,  an d (3 )  th e Statistica l  Base .  Thes e thre e level s o f 

memory ar e hierarchica l  insofa r  sl s th e Cas e Bas e draw s it s component s fro m th e Hypothesi s 

Base ,  an d th e Statistica l  Bas e i s predicate d o n th e existenc e o f  bot h th e Hypothesi s Bas e an d 

th e Cas e Base .  A s trainin g goe s o n an d memor y expand s a t  eac h level ,  w e d o se e som e m e m o r y 

interaction s tha t  shap e subsequen t  memor y expansion .  Fo r  example ,  informatio n fro m th e 

Statistica l  Bas e i s capabl e o f  influencin g expansio n a t  th e leve l  o f  th e Hypothesi s Base .  Bu t  fo r 

th e mos t  part ,  memor y grow s wit h simpl e dependencies :  th e bigge r  th e Hypothesi s Base ,  th e 

bigge r  th e Cas e Base ,  an d th e bigge r  th e Cjis e Base ,  th e bigge r  th e Statistica l  Base . 

Building the Hypothesis Base 

The Hypothesis Base consists of simple associations between graphemes [Coltheart 1978] from 

th e inpu t  wor d an d phoneme s i n th e targe t  representation .  A  specifi c  hypothesi s i n memor y tell s 

us tha t  a  particula r  strin g o f  letter s ha s resulte d i n a  particula r  phonem e a t  leas t  onc e durin g 

training .  Th e mappin g define d b y th e Hypothesi s Bas e fro m th e se t  o f  se t  o f  al l  substring s o f 

letter s t o th e se t  o f  al l  phoneme s i s neithe r  totall y define d no r  well-defined .  No t  al l  substring s 

need m a p t o a  phoneme ,  an d whe n on e does ,  i t  ma y m a p t o an y numbe r  o f  phonemes .  Fo r 

example ,  consonant s an d consonan t  combination s ar e generall y les s ambiguou s tha n vowel s an d 

vowel  combinations ,  s o w e wil l  se e mor e hypothese s associate d wit h vowel s tha n consonants . 

To illustrate the idea of a hypothesis, consider the following segmentation of the word "action" 

alon g wit h it s correspondin g pronunciation : 

A C TI O N 

^  k  s h d  n 

When this segmentation is mapped against the target pronunciation, we can identify five un-

derlyin g hypothese s (eissociation s betwee n grapheme s an d phonemes) :  A/a ,  C/k ,  Tl/sh ,  O/d , 

'Anothe r  syste m tha t  i s  ver y simila r  t o PR O i n it s broa d desig n i s MBRtal k (Stanfil l  &  Walt z 1986) ,  althoug h 
MBRtal k use s a  ver y differen t  for m o f  memor y access .  MBRtal k run s o n a  Connectio n Machin e wherea s P R O 
can ru n reasonabl y i n a  Common Lis p environmen t  wit h 4 M o f  memory . 
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and N/n . 

However, if this were the first word PRO encountered in a fresh training session, PRO would 

hav e n o wa y o f  knowin g tha t  thi s i s th e correc t  segmentatio n o f  th e inpu t  string .  Ther e ar e 

five  way s o f  partitionin g thi s six-lette r  wor d int o five  substrings ,  an d P R O woul d b e unabl e t o 

decid e whic h i s best .  I n general ,  P R O consult s it s existin g Hypothesi s Bas e i n orde r  t o deter -

min e ho w a n inpu t  wor d shoul d b e segmente d an d matche d agains t  it s  targe t  pronunciation . 

Afte r  generatin g al l  possibl e segmentation s o f  th e inpu t  wor d whic h ma p ont o th e targe t  pro -

nunciation ,  P R O check s it s know n hypothese s t o se e i f  an y on e o f  thes e segmentation s result s 

i n mor e know n hypothese s tha n an y othe r  segmentation .  I f  ther e i s a  uniqu e winner ,  tha t  i s 

th e segmentatio n P R O picks .  I n th e even t  tha t  ther e i s n o uniqu e winner ,  P R O narrow s it s 

candidate s t o whicheve r  one s di d maximiz e know n hypotheses .  O f  thes e remainin g segmenta -

tions ,  P R O check s t o se e i f  an y o f  th e ne w hypothese s bein g propose d ar e "clos e fits"  agains t 

known hypotheses .  A  hypothesi s stringl/phonem e 1  i s a  clos e fit  agains t  8tring2/phoneme 2 i f 

(1 )  phoneme l  =  phoneme2 ,  an d (2 )  string 2 i s a  substrin g o f  stringl .  I f  on e o f  th e remainin g 

segmentation s support s mor e "clos e fits"  tha n an y othe r  segmentation ,  the n P R O identifie s 

tha t  on e a s th e preferre d segmentation .  I n mos t  ceises ,  P R O wil l  b e abl e t o identif y a  preferre d 

segmentatio n o n th e basi s o f  thes e tw o filtering  mechanisms .  Bu t  i n th e even t  tha t  ther e i s stil l 

more tha n on e segmentatio n whic h maximize s bot h know n hypothese s an d clos e fits  t o know n 

hypotheses ,  the n P R O consult s it s  Statistica l  Bas e an d determine s whic h o f  th e remainin g seg -

mentation s contain s hypothese s tha t  ar e use d wit h greate r  frequency .  I n thi s manne r  P R O ca n 

identif y a  preferre d segmentatio n t o ma p agains t  th e targete d phonemes . 

Once a preferred segmentation is in hand, PRO consults its existing Hypothesis Base to see if all 

th e hypothese s i n th e segmentatio n ar e know n hypotheses .  I f  an y hypothesi s i s new ,  w e inde x 

i t  unde r  it s  graphem e an d th e Hypothesi s Bas e acquire s a  ne w hypothesis .  Havin g update d th e 

Hypothesi s Base ,  P R O the n goe s o n t o updat e th e Cas e Bas e an d th e Statistica l  Base . 

Building the Case Base and the Statistical Base 

Given a segmentation for a training item, we can take a series of "snapshots" of the resulting 

hypothesi s sequenc e wher e eac h snapsho t  contain s exactl y thre e consecutiv e hypotheses .  Th e 

longe r  th e segmentation ,  th e mor e snapshot s w e wil l  nee d t o cove r  th e ful l  sequence .  Eac h 

snapsho t  o f  thre e hypothese s the n constitute s a  cas e fo r  PRO' s Ceis e Base .  Case s ar e indexe d 

unde r  bot h th e leadin g hypothesi s an d th e trailin g hypothesis ,  an d al l  case s wit h a  common 

inde x ar e organize d i n a  tre e structure .  Th e Cas e Bas e therefor e contain s si s man y tree s a s 

ther e ar e hypothese s i n th e Hypothesi s Base ,  an d eac h tre e ma y contai n a  fe w o r  a  larg e 

number  o f  case s dependin g o n ho w muc h o f  PRO' s trainin g ha s bee n involve d wit h th e indexin g 

hypothesis .  Al l  th e tree s hav e a  dept h o f  thre e hypothesi s node s an d eac h complet e branc h i n 

a tre e correspond s t o a  singl e cas e i n memory . 

When a candidate case is taken from a "snapshot" of a training item, we check to see if that 

cas e ha s bee n recorde d i n th e Cas e Bas e before .  I f  i t  has ,  w e d o no t  nee d t o alte r  th e Cas e 

Base.  I f  i t  hasn't ,  w e gro w a  ne w branc h i n th e appropriat e cas e tree s (on e fo r  th e leadin g inde x 

and on e fo r  th e trailin g index) .  Thi s dua l  encodin g o f  eac h cas e allow s u s t o maintai n a  mor e 

informativ e Statistica l  Bas e tha n woul d otherwis e b e possible . 
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Th e Statistica l  Bas e shadow s th e Cas e Bas e b y maintainin g frequenc y dat a fo r  al l  th e node s i n 

al l  th e cas e trees .  W h e n a  cas e i s encountere d durin g training ,  w e ad d i t  t o th e Cas e Bas e i f 

needed ,  an d updat e eac h o f  th e si x tre e node s Msociate d wit h tha t  cas e i n memory .  Fo r  example , 

th e ceis e (A/ a C/ k Tl/sh )  wil l  updat e th e roo t  nod e associate d wit h A/a ,  th e nod e tha t  say s 

ho w man y time s A/ a ha s bee n followe d b y C/k ,  an d th e nod e tha t  record s th e frequenc y o f 

A / a followe d b y C/ k followe d b y Tl/sh .  Goin g backwards ,  w e updat e th e nod e tha t  record s 

instance s o f  Tl/sh ,  the n th e nod e recordin g Tl/s h precede d b y C/k ,  an d th e nod e recordin g 

Tl/s h precede d b y C/ k precede d b y A/a .  Not e tha t  th e tw o termina l  node s shoul d agre e o n th e 

number  o f  time s a  give n sequenc e ha s bee n see n before ,  bu t  th e roo t  node s an d intermediat e 

node s wil l  generall y maintai n differen t  frequenc y count s dependin g o n whethe r  th e sequenc e i s 

bein g traverse d forward s o r  backwards . 

Test Mode: Finding a Word Pronunciation 

When PRO receives an input word in test mode, it begins by creating a search space of possible 

pronunciation s base d o n al l  availabl e hypothese s i n memory .  Eac h pat h i n thi s space  beginnin g 

wit h th e "start "  nod e an d endin g wit h th e "end "  nod e correspond s t o a  possibl e pronunciatio n 

fo r  th e wor d (se e Figur e 1) .  Fo r  example ,  i f  th e searc h spac e show n i n Figur e 1  i s generate d i n 

A Searc h Spac e (o r  "ripe " 

CV-  - > [r D 

'"- > i 

pe-  - > [p j 

Figur e 1 :  A  Searc h Spac e usin g Availabl e Hypothese s 
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We ar e solvin g lo r  "ripe " 

Assume the following words 

hav e bee n correctl y interprete d 

durin g a  trainin g session . 

4.  rin d 

Figur e 2 :  Addin g Contex t  Node s fro m th e Cas e Bas e 

respons e t o th e wor d "ripe, "  w e hav e si x possibl e pronunciation s fo r  "ripe "  correspondin g wit h 

th e si x  possibl e path s throug h tha t  space .  Ther e ar e tw o possibilitie s fo r  "i "  (lon g vs .  short ) 

an d thre e possibilitie s fo r  "e "  (lon g vs .  shor t  vs .  silent) .  Thi s searc h spac e i s furthe r  structure d 

as a  latera l  inhibitio n networ k wher e instance s o f  hypothese s whic h shar e c o m m o n character s 

fro m th e inpu t  wor d inhibi t  on e another .  I n figur e 1  w e se e tha t  th e silen t  e  i s represente d b y 

th e hypothesi s PE/p .  Sinc e thi s hypothesi s contain s tw o inpu t  characters ,  i t  i s i n competitio n 

wit h P/ p a s wel l  a s E/ e an d E/e .  W e therefor e find  thre e inhibitio n link s connectin g P E / p t o 

it s thre e competitors . 

Thus far we have described a search space derived from the Hypothesis Base alone. To bring 

i n th e effect s o f  th e Cas e Base ,  w e mus t  no w ad d contex t  node s representin g relevan t  case s (se e 

Figur e 2) .  Eac h contex t  nod e correspond s t o a  cas e whic h matche s a  subpat h withi n th e searc h 

space .  I n Figur e 2  w e se e ho w fou r  contex t  node s ca n b e adde d t o th e grap h o n th e basi s o f 

thre e previou s trainin g item s ("rip, "  "pipe, "  an d "rind." )  Th e fourt h trainin g ite m ("pen" )  i s 

not  associate d wit h an y case s relevan t  fo r  thi s searc h space .  B y attachin g th e resultin g contex t 

node s t o th e searc h spac e wher e eac h cas e applies ,  w e se e ho w PRO' s previou s trainin g wit h 

124 



"rip "  reinforce s a  shor t  "i" ,  whil e exposure s t o "pipe "  an d "rind "  reinforc e a  lon g "i" .  "pipe " 

als o reinforce s a  silen t  "e "  bu t  n o contex t  node s reinforc e a  shor t  "e "  o r  a  lon g "e "  a t  th e en d 

of  th e word . 

The context nodes provide positive activation for a spreading activation algorithm, and the 

inhibitio n link s counte r  thi s activatio n a s i t  propagate s throug h th e network .  Contex t  node s 

ar e initialize d wit h a  valu e base d o n frequenc y dat a i n th e Statistica l  Base ,  an d a  relaxatio n 

algorith m i s the n applie d throughou t  th e searc h spac e (Feldma n At  Ballard ,  1982] .  Thes e net -

work s ten d t o stabiliz e withi n 3 0 iterations ,  an d a  preferre d pat h throug h th e networ k i s sough t 

by maximizin g M I N (A(Nl),...,A(Nk) )  wher e A(Ni )  i s  th e activatio n leve l  associate d wit h th e 

it h nod e i n a  give n path .  I n general ,  a  uniqu e pat h o f  maxima l  activatio n ca n b e foun d an d thi s 

i s the n th e pronunciatio n P R O returns .  I f  ther e i s mor e tha n on e pat h o f  maxima l  activation , 

P RO select s on e o f  th e maxima l  path s randoml y an d return s tha t  pronunciation . 

Experimental Results 

We have run PRO on a training vocabulary of 750 words and tested it on a total of 300 

words .  20 0 o f  th e tes t  item s appea r  i n th e trainin g se t  an d th e remainin g 10 0 tes t  item s ar e 

"novel "  word s no t  encountere d durin g training .  W e hav e als o collecte d dat a fro m a  modifie d 

versio n o f  P R O whic h substitute s a  rando m searc h algorith m i n plac e o f  PRO' s spreadin g 

activation/relaxatio n algorithm .  Th e modifie d versio n build s th e sam e searc h spac e o f  possibl e 

pronunciations ,  bu t  pick s on e randoml y instea d o f  structurin g th e networ k wit h additiona l 

contex t  node s an d relaxin g th e ne t  t o find  a  pronunciatio n wit h maxima l  activation .  Th e result s 

of  thi s rando m algorith m provid e u s wit h a  baselin e tha t  reflect s th e powe r  o f  th e Hypothesi s 

Base operatin g i n th e absenc e o f  th e Cas e Bas e an d th e Statistica l  Base . 

Test trials were run at three distinct times during training: after PRO had trained on 250 

words ,  afte r  45 0 words ,  an d afte r  al l  75 0 words .  Th e trainin g corpu s containe d word s rangin g 

fro m thre e t o eigh t  letter s i n length ,  an d th e tes t  set s containe d word s rangin g fro m thre e t o 

five  letter s i n length .  W e collecte d separat e dat a fo r  "familiar "  word s (th e first  20 0 item s i n 

th e trainin g set) ,  an d "novel "  words .  Th e "familiar "  item s include d 5 0 three-lette r  words ,  10 0 

four-lette r  words ,  an d 5 0 five-letter  words .  Th e "novel "  item s include d 5 0 four-lette r  word s an d 

50 five-letter  words .  Th e modifie d versio n o f  P R O wai s ru n o n onl y "novel "  tes t  items ,  bu t  a t 

th e sam e point s durin g trainin g a s th e regula r  P R O runs . 

Table 1 shows the results of these nine test runs. The x-axis represents the amount of training 

P RO ha s ha d i n term s o f  th e numbe r  o f  targe t  phoneme s processed .  Afte r  75 0 words ,  P R O 

has examine d 273 1 phonemes .  Th e y-axi s show s th e percentag e o f  phoneme s P R O correctl y 

identifie s durin g tes t  runs .  Th e to p curv e show s PRO' s performanc e o n "familiar "  words ,  th e 

secon d curv e show s PRO' s performanc e o n "novel "  words ,  an d th e botto m curv e show s th e 

baselin e performanc e o f  th e rando m algorith m o n th e sam e se t  o f  "novel "  word s tha t  w e teste d 

wit h P R O i n tact . 
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Tabl e 1 :  Thre e Tes t  Run s durin g Trainin g 

We ca n se e tha t  P R O i s bette r  wit h word s i t  ha s see n durin g trainin g compare d t o nove l  tes t 

words ,  althoug h th e distanc e betwee n thes e tw o curve s doe s diminis h Ji s P R O train s more .  I t 

makes sens e fo r  PRO' s performanc e o n familia r  word s t o degrad e somewha t  becaus e PRO' s 

Hypothesi s Bas e an d Ceis e Bas e ar e expandin g a s P R O trains .  A s mor e conflic t  arise s betwee n 

a large r  numbe r  o f  competin g cases ,  w e migh t  expec t  t o se e th e increase d erro r  rat e foun d i n 

th e to p curve .  Thes e factor s explai n wh y PRO' s performanc e drop s of f  a  bi t  (fro m 9 5 % t o 9 0 % ) 

fo r  familia r  words .  Thi s sam e facto r  mus t  influenc e PRO' s performanc e o n nove l  word s a s well , 

bu t  her e w e se e a  gradua l  increas e i n performanc e (fro m 6 6 % t o 7 5 % ) .  Fo r  nove l  words ,  th e 

incresisin g searc h space  complexit y i s overridde n b y th e fac t  tha t  P R O take s advantag e o f  it s 

growin g Cas e Bas e effectively . 

If we assume that these two curves eventually level out, we can estimate PRO's eventual level of 

competenc e acros s al l  tes t  item s a s bein g somewher e i n betwee n th e tw o asymptotes .  I t  i s  saf e 

t o assum e tha t  thes e tw o curve s won' t  cross ,  s o the y mus t  leve l  ou t  somewher e betwee n 7 5 % 

an d 9 0 % .  Extrapolatin g fro m ou r  existin g data ,  w e woul d estimat e tha t  P R O wil l  eventuall y 

averag e aroun d 8 6 % o n al l  tes t  item s (thi s i s wher e th e tw o curve s woul d intersec t  i f  the y 

continue d a t  thei r  presen t  rat e o f  change) . 

To see how much of PRO's performance can be attributed to the Case Base and Statistical Base, 

conside r  th e bsiselin e curv e provide d b y th e rando m versio n o f  P R O .  Her e th e hi t  rate s dro p 

fro m 6 0 % t o 5 5 % .  Thi s i s wha t  P R O ca n d o i f  i t  onl y accesse s knowledg e fro m th e Hypothesi s 

Base i n orde r  t o construc t  a  searc h spac e o f  possibl e pronunciations .  Onc e thi s searc h spac e 
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has bee n constructed ,  w e ca n pic k a  pronunciatio n fro m th e spac e a t  random .  Accordin g t o ou r 

randomize d simulation ,  an y give n phonem e withi n tha t  pronunciatio n the n ha s a  5 5 % chanc e 

of  bein g correc t  afte r  P R O ha s traine d o n 75 0 words .  Onc e again ,  i t  make s sens e fo r  thi s curv e 

t o diminis h sinc e th e Hypothesi s Bas e i s growin g ove r  time .  Mor e hypothese s i n memor y wil l 

resul t  i n mor e possibl e pronunciation s fo r  eac h tes t  word .  I f  w e assum e tha t  thi s baselin e level s 

out  a t  th e sam e tim e ou r  tw o performanc e curve s leve l  out ,  the n w e ca n estimat e tha t  th e 

baselin e wil l  leve l  ou t  aroun d 50% . 

From our best estimates, we then can then conclude that PRO's Case Base and Statistical 

Base wil l  resul t  i n a  significan t  improvemen t  ove r  th e Hypothesi s Bas e alon e (86 % vs .  5 0 % hi t 

rate s o n eac h phoneme) .  Moreover ,  thes e level s o f  performanc e shoul d stabiliz e onc e P R O hzt s 

reache d a  saturatio n poin t  i n it s training . 

PRO'S Memory: Facts and Conjectures 

We have gathered additional data in conjunction with our training session to see what PRO's 

memory look s lik e afte r  75 0 words .  A t  thi s poin t  th e Hypothesi s Bas e ha s grow n t o 18 0 hy -

potheses ,  an d th e Cas e Beis e contain s 159 1 case s (sequence s o f  3  hypotheses) .  Some measur e 

of  Englis h regularit y migh t  b e derive d fro m th e fac t  tha t  th e 75 0 word s P R O traine d o n coul d 

have produce d roughl y 420 0 distinc t  case s i f  n o repetition s o f  case s wer e present .  (18 0 hypothe -

ses ar e capabl e o f  generatin g 5,832,00 0 case s i f  al l  combinatoricall y possibl e combination s ar e 

considered. ) 

When we talk about PRO's performance stabilizing at a saturation point in training, we are 

assumin g tha t  th e Hypothesi s Bas e an d th e Cas e Bas e wil l  eventuall y leve l  ou t  an d ceas e t o 

expan d a t  an y significan t  rate .  T o se e ho w clos e w e ar e t o saturatio n afte r  75 0 words ,  w e ca n 

examin e growt h curve s fo r  th e Hypothesi s Bas e (se e tabl e 2 )  an d th e Cas e Bets e (se e tabl e 

3) .  Neithe r  curv e appear s t o b e ver y leve l  afte r  75 0 words ,  bu t  i t  i s  clea r  tha t  th e Hypothesi s 

Base i s slowin g dow n muc h faste r  tha n th e Cas e Base .  Afte r  thei r  initia l  growt h spurts ,  th e 

Hypothesi s Bas e acquire s roughl y 1  ne w hypothesi s fo r  ever y 1 0 trainin g items ,  whil e th e Cas e 

Base pick s u p 2 1 ne w case s fo r  ever y 1 0 trainin g items . 

While it seems safe to assume that performance won't stabilize until the Hypothesis Bcise sat-

urates ,  i t  i s  les s clea r  tha t  th e Cas e Bjis e mus t  saturat e befor e performanc e stabilizes .  Genera l 

correlation s betwee n memor y an d performanc e wil l  hav e t o b e born e ou t  b y additiona l  exper -

iments ,  bu t  i f  w e mus t  mak e som e estimates ,  w e coul d extrapolat e fro m ou r  existin g growt h 

curve s an d mak e som e guesse s abou t  th e stat e o f  PRO' s memor y whe n PRO' s performanc e 

curve s leve l  off .  Usin g th e estimate s fo r  stabilizatio n discusse d above ,  i t  appear s tha t  P R O 

shoul d acquir e n o mor e tha n roughl y 24 0 hypothese s altogether ,  an d performanc e wil l  stabiliz e 

aroun d 280 0 cases .  Not e tha t  w e ar e assumin g saturatio n o f  th e Hypothesi s Bas e b y th e tim e 

performanc e stabilizes ,  bu t  w e ar e les s incline d t o assum e tha t  th e Cas e Bas e canno t  continu e t o 

gro w afte r  performanc e stabilizes .  We wil l  onl y kno w thi s wit h certaint y b y expandin g PRO' s 

trainin g corpus . 

As for the estimates concerning the training vocabulary, we would guess that PRO will stabilize 

afte r  abou t  150 0 word s (wher e a  wor d contain s a n averag e o f  3.6 4 phoneme s -  th e sam e rati o 
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Hypothesi s Bas e Grovt h Curv e 

Hypothesi s Bas e 

ISO 

100 

50 

0 

( 

^ ^ . ^ ^ - - ^ 

/ " ^ ^ 

.  . 

)  SCO 100 0 150 0 200 0 250 0 

Targe t  Phoneme s 
Processe d durin g Trainin g 

1 

3000 

Tabl e 2 :  Th e Acquisitio n o f  Hypothese s durin g Trainin g 

Case Bas e 
1600 

1200 

800 

400 

Case Bas e Growt h Curv e 

500 100 0 150 0 200 0 250 0 300 0 

Targe t  Phoneme s 
Processe d durin g Trainin g 

Tabl e 3 :  Th e Acquisitio n o f  Case s durin g Trainin g 

128 



maintaine d b y ou r  initia l  75 0 wor d corpus) .  O f  cours e al l  o f  thes e estimate s ar e subjec t  t o th e 

usua l  assumption s abou t  rando m vocabular y an d "representative "  trainin g sets .  I n selectin g 

word s fro m th e dictionar y w e hav e trie d t o restric t  ourselve s t o c o m m o n word s tha t  an y hig h 

schoo l  studen t  woul d recognize .  W e canno t  sa y ho w thes e restriction s relat e t o characterization s 

of  Englis h vocabular y i n general. ^ 

Looking inside the the Hypothesis Base, we find 47 phonemes and 101 graphemes underly-

in g ou r  18 0 hypotheses .  6 9 hypothese s m a p fro m a  singl e letter ,  10 0 hypothese s m a p two -

lette r  graphemes ,  9  hypothese s m a p three-lette r  graphemes ,  an d 2  hypothese s m a p four-lette r 

graphemes .  Th e singl e greates t  sourc e o f  ambiguit y come s fro m th e lette r  "a "  whic h i s associ -

ate d wit h 1 0 distinc t  pronunciation s (wher e "a "  stand s alon e a s a  complet e graphem e b y itself) . 

Abou t  two-third s o f  th e hypothese s hav e grapheme s containin g a t  leas t  on e vowel . 

Conclusions 

PRO shows how a large Case Base can be automatically acquired during supervised training 

and accesse d withi n th e framewor k o f  a  spreadin g activatio n algorithm .  P R O build s a  three -

tiere d memor y o f  hypotheses ,  cases ,  an d frequenc y dat a usin g heuristi c method s fo r  knowledg e 

acquisition .  I t  i s  interestin g t o not e tha t  P R O i s consisten t  wit h th e concep t  o f  "timi d acquisi -

tion "  whic h i s though t  t o b e a  necessar y conditio n fo r  succes s whe n trainin g wit h a  corpu s o f 

positiv e example s onl y [Berwic k 1986] . 

A test item is processed by generating a search space based on available hypotheses and aug-

mentin g tha t  searc h spac e wit h additiona l  node s derive d fro m th e Cas e Base .  B y structurin g 

a networ k whic h represent s bot h th e searc h spac e an d th e influence s o f  availabl e memory ,  w e 

ca n se e i n a  declarativ e manne r  exactl y ho w P R O view s eac h tes t  ite m i n th e contex t  o f  it s 

previou s trainin g experience . 

Spreading activation and network relaxation then operate to consolidate competing information 

int o a  globa l  consensu s withi n th e searc h space .  Whil e th e structur e o f  th e searc h spac e i s purel y 

heuristic ,  th e us e o f  a  relaxatio n algorith m t o resolv e th e searc h i s inspire d b y connectionis t 

efforts .  I n thi s manne r  P R O represent s a  synthesi s o f  idea s fro m bot h heuristi c o r  symboli c 

methodologie s an d subsymboli c processin g strategies . 
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