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Abstrac t 

This study investigated the model selection problem in 
cognitiv e psychology :  H o w shoul d on e decid e betwee n tw o 
computationa l  model s o f  cognition ? Th e focu s wa s o n mode l 
"faithfulness ,  "  whic h refer s t o th e degre e t o whic h a  model' s 
behavio r  originate s fro m th e theoretica l  principle s tha t  i t 
embodies .  Th e guidin g principl e i s tha t  amon g a  se t  o f  model s 
tha t  simulat e huma n performanc e equall y well ,  th e mode l 
whose behavio r  i s mos t  stabl e o r  robus t  wit h variatio n i n 
paramete r  value s shoul d b e favored .  Thi s i s becaus e suc h a 
model  i s likel y t o hav e capture d th e underlyin g menta l  proces s 
i n th e leas t  comple x wa y whil e a t  th e sam e tim e bein g faithfu l 
t o th e theoretica l  principle s tha t  guide d th e model' s 
development .  Sensitivit y analysi s i s introduce d a s a  too l  fo r 
assessin g mode l  faithfiilness .  It s applicatio n i s demonstrate d i n 
th e contex t  o f  tw o localis t  connectionis t  model s o f  speec h 
perception ,  T R A C E an d M E R G E. 

hitroduction 

One of the most challenging tasks for researchers interested 

i n modelin g h u m a n cognitio n i s developin g technique s fo r 

choosin g a m o n g a  se t  o f  computationa l  model s (e.g. , 

Grossberg ,  1987 ;  Grainge r  &  Jacobs ,  1998) .  Th e goa l  i s t o 

choos e th e mode l  tha t  bes t  capture s th e underlyin g cognitiv e 

process .  I t  i s  standar d practic e t o selec t  th e mode l  tha t  mos t 

accuratel y simulate s o r  fit s  dat a generate d b y humans . 

Justificatio n fo r  usin g thi s procedure ,  terme d descriptiv e 

adequacy ,  i s  tha t  th e best-fittin g mode l  mos t  closel y 

approximate s th e menta l  proces s bein g modeled .  Th e 

adequac y o f  thi s mode l  selectio n criterio n i s limite d t o case s 

i n whic h th e model s d o no t  captur e th e underlyin g proces s 

equall y well .  W h e n the y do ,  h o w shoul d on e decid e amon g 

models ? Ther e ar e a t  leas t  tw o importan t  issue s t o consider . 

T h e first  issu e i s mode l  complexity ,  whic h refer s t o th e 

flexibilit y  inheren t  i n a  mode l  (i.e. ,  h o w th e parameter s ar e 

combine d mathematically )  tha t  enable s i t  t o fit  divers e 

pattern s o f  data .  A  mode l  m a y describ e dat a well ,  bu t  m a y no t 

d o s o i n a  parsimoniou s manner .  I t  i s wel l  establishe d (e.g. , 

Linhar t  &  Zucchini ,  1986 ;  M y u n g ,  i n press )  tha t  mode l 

selectio n base d solel y o n descriptiv e adequac y wil l  resul t  i n 

th e choic e o f  a n unnecessaril y  comple x mode l  tha t  over-fit s 

th e data ,  an d therefor e fail s  t o captur e th e tru e regularitie s o f 

th e underlyin g menta l  process .  T o avoi d thi s mistake ,  bot h 

descriptiv e adequac y an d mode l  complexit y mus t  b e take n 

int o accoun t  i n mode l  selectio n (Myun g &  Pitt ,  1997) .  Thes e 

tw o criteri a embod y th e principl e o f  Occam' s razo r  i n mode l 

selection :  Th e mode l  tha t  fits  dat a sufficientl y wel l  i n th e leas t 

comple x wa y shoul d b e preferred . 

Th e second ,  equall y critical ,  issu e i s determinin g th e caus e 

of  a  model' s behavior .  I s a  model' s succes s i n mimickin g 

h u m an behavio r  du e t o th e theoretica l  principle s embodie d i n 

th e mode l  o r  du e t o othe r  aspect s o f  it s computationa l 

instantiation ? Pu t  anothe r  way ,  i s th e computationa l 

instantiatio n faithfu l  t o it s theoretica l  principles ? Thes e ar e 

not  on e i n th e same ,  a s th e latte r  ca n tak e o n m a n y form s 

(Uttal ,  1990) .  Eve n i f  a  mode l  provides  a n excellen t 

descriptio n o f  h u m a n dat a i n th e simples t  manne r  possible ,  i t 

i s  ofte n difficul t  t o determin e wha t  propertie s o f  th e mode l  ar e 

critica l  fo r  explainin g h u m a n performanc e an d wha t  aspect s 

ar e not .  Ideally ,  theoretica l  principle s fro m whic h th e mode l 

was develope d mus t  b e clearl y identifiabl e an d thei r 

contributio n t o determinin g mode l  behavio r  clearl y 

demonstrated .  I n othe r  words ,  th e behavio r  o f  th e mode l  mus t 

originat e fro m th e theoretica l  idea s tha t  motivate d it s 

creation ,  no t  fro m th e computationa l  choice s mad e i n it s 

instantiation .  Failur e t o m a k e thi s distinctio n run s th e ris k o f 

erroneousl y attributin g a  model' s behavio r  t o it s underlyin g 

theoretica l  principles :  computationa l  complexit y i s  mistake n 

fo r  theoretica l  accuracy . 

I n thi s paper ,  w e undertak e a n investigatio n o f  mode l 

faithfulness .  Th e behavior s o f  tw o localis t  model s o f 

phonemi c perception ,  T R A C E (McClellan d &  Elman ,  1986 ; 

McClelland ,  1991 )  an d M E R GE (Norri s e t  al ,  1998 )  wer e 

compare d t o determin e whic h architectura l  propertie s ar e 

most  responsibl e fo r  thei r  behavior .  Sensitivit y analysis ,  a 

measur e o f  h o w sensitiv e th e behavio r  o f  a  mode l  i s  t o 

variatio n i n th e value s o f  it s parameters ,  i s  introduce d a s a 

too l  t o asses s mode l  faithfulness .  A n additiona l  attractiv e 
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propert y o f  sensitivit y analysi s i s tha t  th e result s revea l  th e 

relativ e complexitie s o f  th e models .  A  highl y sensitiv e mode l 

i s complex .  A  smal l  chang e i n th e valu e o f  a  paramete r  ca n 

chang e th e model' s behavio r  drastically .  Thi s propert y 

makes th e mode l  ver y powerfu l  an d adaptable ,  bein g abl e t o 

fit  a  wid e rang e o f  dat a patterns ,  perhap s man y mor e tha n ar e 

necessar y t o mode l  th e menta l  proces s o f  interest .  O n th e 

othe r  hand ,  a  mode l  whos e behavio r  change s minimall y wit h 

variatio n i n paramete r  value s i s fa r  les s flexible ,  bu t 

behaviorall y mor e stabl e (i.e. ,  robust) .  I f  suc h a  mode l 

happen s t o simulat e huma n dat a well ,  the n i t  i s a n indicatio n 

tha t  th e mode l  m a y hav e capture d th e regularitie s o f  interes t 

i n th e dat a an d littl e else .  Followin g Occam' s razor ,  suc h a 

model  shoul d b e favored .  Thus ,  mode l  selectio n usin g 

sensitivit y analysi s favor s th e mode l  tha t  i s leas t  sensitiv e t o 

paramete r  variation ,  an d a s a  consequenc e capture s th e dat a 

th e bes t  unde r  th e wides t  rang e o f  paramete r  variation . 

Connectionist Models of Speech Perception 

Model  developmen t  i n speec h perceptio n i s divide d o n th e 

issu e o f  ho w prio r  informatio n firo m differen t  source s i s 

integrate d durin g recognitio n (se e Frauenfelde r  &  Tyler , 

1987) .  A  wid e rang e o f  experimenta l  result s  ha s demonstrate d 

tha t  a  listener' s knowledg e abou t  a  wor d ca n influenc e h o w 

th e phoneme s (i.e. ,  speec h sounds )  o f  tha t  wor d ar e perceived . 

The theoretica l  debat e i n th e literatur e ha s focuse d o n 

determinin g h o w thes e tw o form s o f  informatio n (lexica l  an d 

phonemic )  ar e combine d durin g perception .  I n mos t 

computatio n model s o f  wor d recognition ,  ther e exis t  a t  leas t 

tw o level s o f  processing ,  a  phonemi c leve l  an d a  lexica l  (i.e. , 

word )  level .  Informatio n flo w firo m th e phonem e t o th e lexica l 

leve l  i s  c o m m o n amon g models .  Th e theoretica l  distinctio n o f 

primar y importanc e i s h o w lexica l  informatio n i s integrate d 

wit h phonemi c information .  I n Figur e 1 ,  T R A C E an d 

M E R GE illustrat e th e tw o position s architecturally .  I n 

T R A CE (McClellan d &  Elman ,  1986) ,  activatio n o f 

phonemes i s influence d b y bottom-u p sensor y inpu t  fro m th e 

speec h signa l  itsel f  an d fro m top-dow n connection s t o th e 

lexica l  level .  I n M E R GE (Norri s e t  al ,  1998) ,  ther e ar e n o 

top-dow n connection s fro m th e lexica l  leve l  tha t  directl y 

affec t  phonem e activation .  Rather ,  phonemi c processin g i s 

spli t  i n two ,  wit h a n activation/inpu t  stag e an d a  phonemi c 

decisio n stage .  Lexica l  processe s affec t  onl y phonemi c 

decisio n making ;  the y canno t  directl y influenc e phonem e 

activation .  I n M E R G E,  phonemi c an d lexica l  influence s o n 

phonemi c decisio n makin g ar e independen t  o f  eac h other , 

bein g integrate d onl y a t  th e decisio n stage . 

Norri s e t  a l  (i n press )  showe d tha t  th e model s ar e fairl y 

comparabl e i n thei r  abilit y t o simulat e tw o set s o f  huma n 

data .  Bu t  wha t  propertie s o f  th e model s ar e mos t  responsibl e 

fo r  thei r  simila r  behavior ? M E R GE wa s propose d a s a  non -

interactiv e alternativ e t o T R A C E ,  wit h n o top-dow n feedbac k 

directl y t o th e phonemi c inpu t  stage .  However ,  th e model s 
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F igur e 1 .  N e t w o r k architecture s o f  th e fou r  m o d e l s tested . 

also differ in the number of phonemic stages, with TRACE 

possessin g o n e a n d M E R G E possessin g two .  W h i c h o f  thes e 

propertie s i s  m o s t  responsibl e fo r  M E R G E ' s behavior , 

directio n o f  informatio n flow  o r  a n additiona l  stage ? 

Additionally ,  ar e th e t w o m o d e l s equall y c o m p l e x ? T h a t  is , 

w e k n o w thei r  architecture s ar e sufficien t  t o captur e th e tes t 

data ,  bu t  ar e the y als o necessary ? O r  ar e ther e redundancie s 

i n thei r  desig n tha t  m a k e t h e m overl y c o m p l e x ? 

T o addres s thes e questions ,  sensitivit y analyse s w e r e carrie d 

out  o n T R A C E an d M E R GE an d tw o othe r  model s (show n i n 

th e botto m o f  Figur e 1) ,  whic h wer e include d t o understan d 

bette r  th e implication s o f  mode l  desig n o n mode l 

performance .  M A C E i s a  hybri d o f  T R A C E an d M E R GE tha t 

was intende d t o asses s th e consequence s o f  independentl y 

integratin g lexica l  an d phonemi c inpu t  a t  a  separat e decisio n 

stage .  Lik e T R A C E ,  lexica l  informatio n flows  bac k t o th e 

phonemi c activatio n level ,  bu t  lik e M E R G E,  phonem e 

decision s ar e mad e separately .  I f  M E R GE derive s it s 

descriptiv e powe r  solel y fro m it s non-interactiv e architecture , 

the n M A C E ' s performanc e shoul d b e significantl y inferio r  t o 

tha t  o f  M E R G E.  Simila r  performanc e woul d sugges t  tha t 

splittin g phonem e processin g int o tw o stage s i s  mor e 

importan t  tha n whethe r  lexica l  informatio n flows  directl y t o 

th e phonem e activatio n leve l  o r  instea d t o th e phonem e 

decisio n level .  M E R G E + M A CE ( M & M )  i s a  combinatio n o f 

M E R GE an d M A C E.  Lexica l  connection s ar e redundant , 

feedin g t o bot h th e phonem e activafio n leve l  an d th e decisio n 

makin g level .  I t  i s include d fo r  completenes s an d t o serv e a s 

a chec k o n th e predictabilit y o f  model s wit h differen t 

configuration s o f  informatio n flow. 
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Tabl e 1 .  Experimenta l  Condition s an d Human Data . 
Experimenta l  Conditio n 

Conditio n 

W lWl  (Word l  +Wordl ) 
W 2 W1 (Wor d 2  +Wor d 1 ) 
N2W1 (Nonwor d 2  +  Wor d 1 ) 
NlN l  (Nonwor d 1  +  Nonwor d 1 ) 
W2N1 (Wor d 2  +  Nonwor d 1 ) 
N2N1 (Nonwor d 2  +  Nonwor d 1 ) 

Exampl e 

JOb +  joB(JOB ) 
JOg +  jo B (JOB ) 
JOv +  jo B (JOB ) 
JOz+joZ(JOZ ) 
JOg+joZ(JOZ ) 
JOv +  jo Z (JOZ ) 

Human Dat a 
Phonemi c 
/b /  /r /  It J 
« 
* 
* 

* 
* 
* 

/v / 
Lexica l 

"job "  "iog " 

* 
* 
* 

Note :  Fo r  eac h condition ,  th e sta r  '* '  indicate s th e phonem e o r  wor d tha t  i s recognize d b y listeners . 

Metho d 

Overvie w 
Norri s e t  a l  (i n press )  evaluate d TRACE an d MERGE o n 
thei r  abilit y  t o simulat e dat a showin g listeners '  sensitivit y t o 

mismatchin g phonemi c informatio n a t  th e en d o f  a n utteranc e 

(Whalen ,  1984 ;  Marslen-Wilson & Warren ,  1994) .  Thi s sam e 

dat a se t  w a s use d i n th e evaluatio n o f  th e fou r  model s i n 

Figur e 1 .  First ,  th e abilit y o f  th e model s t o simulat e th e 

h u m an dat a wa s assesse d t o replicat e Norri s e t  a l  an d 

demonstrat e tha t  al l  model s wer e comparabl e i n descriptiv e 

adequacy .  Second ,  a  sensitivit y analysi s wa s performe d o n th e 

model s b y systematicall y varyin g th e paramete r  value s aroun d 

th e optima l  paramete r  setting s tha t  provide d th e bes t  fit  t o th e 

dat a i n th e first  analysis .  A s mentione d above ,  th e sensitivit y 

analysi s assesse d th e robustnes s o f  a  model' s behavio r  i n th e 

fac e o f  paramete r  variation .  I t  enable d u s t o ascertai n th e 

degre e t o whic h performanc e arise s fro m theoretica l 

principle s tha t  th e mode l  purport s t o implement .  Th e mor e 

th e behavio r  o f  a  mode l  change s ove r  th e rang e o f  paramete r 

values ,  th e les s likel y th e mode l  derive s it s powe r  fro m it s 

theoretica l  desig n principles ,  i n thi s cas e h o w lexica l  an d 

phonemi c informatio n ar e integrated ,  tha n fro m idiosyncrati c 

choice s o f  paramete r  values . 

Data That Were Modeled 

Followin g Norri s e t  a l  (i n press) ,  th e fou r  model s wer e 

compare d i n thei r  abilit y t o simulat e dat a fro m Marslen -

Wilso n an d Warre n (1994 ;  McQueen ,  Norri s &  Cutter ,  i n 

press) ,  i n whic h listener s wer e showo i  t o b e sensitiv e t o 

conflictin g phonemi c inpu t  i n bot h phonemi c decisio n 

makin g an d lexica l  decisio n making .  W h e n listenin g t o 

speech ,  listener s exhibi t  considerabl e sensitivit y  t o deviation s 

firom  th e natura l  productio n o f  a n utterance .  Fo r  example ,  i f 

th e portio n o f  th e phonem e (i.e. ,  lette r  sound )  /g /  i n th e wor d 

"jog "  i s splice d of f  an d replace d wit h a  toke n o f  th e phon e /b / 

fi-om  th e wor d "job, "  listener s ar e slowe r  t o identif y th e final 

phoneme,  /b/ ,  i n th e newl y create d cross-splice d wor d "job " 

tha n i n th e original ,  unsplice d toke n o f  "job. "  Thi s i s becaus e 

th e acousti c informatio n signalin g th e identit y o f  th e final 

phoneme canno t  b e full y removed ,  a s i t  blend s int o th e 

immediatel y precedin g vowel ,  creatin g conflictin g 

informatio n abou t  th e identit y o f  th e final  phone .  Th e acousti c 

informatio n a t  th e en d o f  th e vowe l  specifie s /g /  wherea s th e 

subsequen t  informatio n specifie s /b/ . 

By varyin g th e origina l  sourc e o f  th e tw o part s o f  a  cross -

splice d toke n (i.e. ,  whethe r  the y cam e fro m word s o r 

nonwords) ,  lexica l  influence s o n phonem e an d wor d 

processin g ca n b e explored .  Th e si x  condition s show n i n 

Tabl e 1  wer e used .  Th e alpha-numeri c conditio n name s 

(colum n 1 )  refe r  t o th e compositio n o f  th e cross-splice d 

stimulus .  Fo r  example ,  W l W l  refer s t o th e stimulu s 

describe d abov e i n whic h th e cross-splice d stimulu s wa s 

create d ft^om  tw o words .  I n th e examples ,  th e capita l  letter s 

refe r  t o th e portion s o f  th e tw o utterance s tha t  forme d par t  o f 

th e cross-splice d utterance ,  wit h th e resultin g cross-splice d 

stimulu s i n parentheses .  Bot h identificatio n o f  th e final 

phoneme an d recognitio n o f  th e cross-splice d wor d wer e 

simulated .  Fo r  eac h condition ,  th e asteris k '* '  indicate s th e 

phoneme o r  wor d tha t  wa s recognize d b y listeners . 

Phonemic Decision Making Data 

W l Wl  an d N l N l  wer e tw o contro l  conditions ,  include d onl y 

t o demonstrat e tha t  whe n n o conflictin g phonemi c cue s ar e 

presen t  i n th e stimulus ,  recognitio n o f  th e final  phonem e i s 

not  impeded .  I n th e fou r  remainin g conditions ,  ther e i s 

conflictin g phonemi c informatio n i n th e cross-splice d token s 

becaus e stimul i  wit h differen t  final  phoneme s wer e cross -

spliced .  Th e lexica l  statu s o f  th e tw o "source "  utterance s 

influence s identificado n o f  th e final  phoneme .  W h e n th e 

initia l  ite m i s a  wor d (e.g. ,  "jog") ,  a s i n condition s W 2 W1 

and W 2 N 1 ,  recognifio n o f  th e final  phoneme ,  /b /  o r  /z/ ,  ar e 

comparativel y slower ,  presumabl y becaus e th e lexica l  entr y 

fo r  "jog "  affect s phonemi c processin g i n som e manner . 

Further ,  th e amoun t  o f  th e slowdow n i s les s i n W 2 W1 tha n i n 

W 2 N 1,  whic h i s  though t  t o b e du e t o lexica l  competitio n 

betwee n "job "  an d "jog "  diminishin g lexica l  influence s i n 

processin g th e final  phoneme .  I f  th e initia l  portio n o f  th e 

cross-splice d stimulu s come s firo m a  nonwor d (e.g. ,  "jov') ,  a s 

i n condition s N 2 W 1 an d N 2 N 1 ,  ther e i s n o slowdow n i n 

recognitio n o f  /b /  o r  /z/ .  Althoug h ther e i s  conflictin g 

phonemi c informatio n i n th e cross-splice d stimulus ,  th e us e 

of  a  nonwor d effectivel y shut s dow n lexica l  influences . 
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Tabl e 2 .  Descriptio n o f  Mode l  Parameter s 

Paramete r T R A CE MERGE MACE M &M 
PE (phonem e excitation ) 

P WE (phonem e t o wor d excitation ) 

P Wl  (phon e t o wor d inhibition ) 

P TE (phonem e t o targe t  excitation ) 

PD (phonem e decay ) 

W TE (wor d t o targe t  excitation ) 

W PE (wor d t o phonem e excitation ) 

W WI  (word  t o wor d inhibition ) 

WD (wor d decay ) 

TTI  (targe t  t o targe t  inhibition ) 

T D (targe t  decay ) 

T M (targe t  momen tum ) 

GPS (word/targe t  cycle s pe r  inpu t  slice ) 

PPI  (phonem e t o phonem e inhibition ) 

•  •  •  • 

•  •  •  • 

•  •  • 

•  •  • 

•  •  •  • 

•  • 

•  •  • 

•  •  •  • 

•  •  •  • 

•  •  • 

•  •  • 

•  •  • 

•  •  •  • 

• 

Note :  Fo r  eac h parameter ,  th e chec k V  indicate s th e model s tha t  adop t  th e parameter . 

The bottom-u p informatio n specifyin g N l  i s  to o wea k t o affec t 

phonemi c decisio n making . 

Lexical Decision Making Data 

Lexica l  decisio n makin g wit h th e cross-splice d stimul i  wa s 

straightforward .  Betwee n th e tw o possibl e wor d response s 

(e.g. ,  "job "  an d "jog") ,  i f  th e final  ite m i n th e cross-splic e i s 

a wor d (e.g. ,  "job" )  a s i n condition s W l W l ,  W 2 W1 an d 

N 2 W 1,  the n onl y th e wor d "job "  (i.e. ,  final  item )  shoul d b e 

recognized ,  regardles s o f  whethe r  th e initia l  portio n originall y 

came from  a  wor d o r  a  nonword .  O n th e othe r  hand ,  i f  th e 

secon d portio n cam e fro m a  nonwor d (e.g. ,  Iz l  i n "joz" )  a s i n 

condition s N l N l ,  W 2 N 1 ,  an d N 2 N 1 ,  the n wor d recognitio n 

depend s o n whethe r  th e initia l  ite m i n th e cross-splic e i s a 

wor d o r  nonword .  I f  i t  i s a  wor d (e.g. ,  "jog" )  a s i n W 2 N 1 , 

the n th e wor d "jog "  shoul d b e activated ,  bu t  no t  substantiall y 

t o b e recognize d becaus e o f  th e followin g mismatchin g 

informatio n (/z/) .  I f  i t  i s  a  nonwor d (e.g. ,  "joz "  o r  "jov" )  a s i n 

NlN l  an d N 2 N 1 ,  the n bot h "jog "  an d "job "  wil l  b e activate d 

to o weakl y t o b e recognized . 

Model Implementation and Simulation Procedure 

The fou r  model s i n Figur e 1  wer e constructe d b y modifyin g 

th e architectur e o f  M E R G E,  whic h i s a  localis t  networ k 

consistin g o f  si x inpu t  node s correspondin g t o th e phoneme s 

/d y  "j" ,  lol ,  /b/ ,  /g/ ,  N l  an d Izl ,  fou r  lexica l  decisio n node s 

representin g tw o word s ("job" ,  "jog" )  an d tw o nonword s ( 

"jov" ,  "joz") ,  an d finally,  fou r  phonemi c decisio n node s 

representin g th e targe t  phoneme s Ibl ,  l%l ,  N l  an d ItJ .  I n 

M E R G E,  eac h lexica l  decisio n nod e receive s input s from  th e 

phonemi c inpu t  node s throug h excitator y connection s an d 

als o receive s activation s from  othe r  lexica l  decisio n node s 

throug h latera l  inhibitor y connections .  Similarly ,  th e 

phonemi c decisio n node s ar e linke d t o th e phonemi c inpu t 

node s a s wel l  a s t o th e lexica l  decisio n node s throug h 

excitator y connections .  Latera l  inhibitor y connection s ar e 

assumed amon g phonemi c decisio n node s wherea s n o suc h 

connection s ar e assume d amon g phonemi c inpu t  nodes . 

T R A C E,  M A C E,  an d M & M ,  wer e create d eithe r  b y prunin g 

existin g connection s and/o r  addin g ne w connection s t o 

M E R G E.  Th e T R A C E mode l  ha d 8  parameters ,  M E R GE an d 

M A CE model s ha d 12 ,  M & M mode l  ha d 1 3 parameters .  Th e 

parameter s use d i n th e model s ar e cross-tabulate d i n Tabl e 2 

t o provid e on e vie w o f  thei r  similaritie s an d differences . 

I n simulatin g th e huma n data ,  eac h mode l  wa s presente d 

wit h th e sam e input ,  si x numericall y represente d cross-splice d 

token s tha t  wer e al l  thre e phoneme s lon g an d wer e eithe r 

word s o r  nonwords .  Al l  si x o f  th e tokens ,  on e fo r  eac h 

condition ,  wer e identica l  t o th e one s use d b y Norris , 

McQueen,  an d Cutle r  (1998) .  Eac h toke n wa s represente d b y 

si x M x l  vector s (on e vecto r  fo r  eac h phoneme )  wher e M i s 

th e numbe r  o f  tim e slice s o r  iterations .  Th e first  vecto r  gav e 

activado n t o th e /cfe /  nod e i n th e phonem e inpu t  layer ,  th e 

nex t  t o lol ,  an d s o o n fo r  /b/ ,  /g/ ,  N l ,  an d /d/ .  Eac h vecto r 

bega n a t  zer o excep t  fo r  /CI5/ ,  whic h wa s .2 5 i n th e first  tim e 

slice ,  . 5 i n th e second ,  an d the n 1  i n th e thir d (maintaine d fo r 

th e res t  o f  th e iterations) .  I n th e fourt h tim e slice ,  lo l  wen t  t o 

.25 ,  . 5 i n th e fifth,  an d 1  i n th e sixt h (maintaine d fo r  th e res t 

of  th e trail) .  I n a  simila r  fashion ,  th e final  phonem e wa s 

constructed ,  dependin g upo n th e condition .  Fo r  a  give n inpu t 

stimulus ,  th e activatio n profile s o f  th e phonemi c decisio n 

node s an d th e lexica l  decisio n node s wer e obtaine d an d the n 

compare d t o th e prediction s from  huma n dat a t o evaluat e th e 

model' s performance . 

Each o f  th e fou r  model s wa s qualitativel y fit  t o th e huma n 

data ,  an d a  se t  o f  optima l  paramete r  value s wa s obtaine d b y 

a hand-don e paramete r  search ,  relyin g o n initia l  estimate s 

reporte d i n Norris ,  McQueen ,  &  Cutle r  (1998) .  A  model' s 
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behavio r  wa s judge d t o b e eithe r  "human-like "  o r  "no t 

human-like"i n eac h conditio n b y determinin g whethe r  th e 

model' s outpu t  matche d prediction s i n th e correspondin g 

condition .  Twelv e judgement s wer e mad e fo r  eac h model ,  si x 

phoneme decision s an d si x lexica l  decision s (Tabl e I) .  I n th e 

sensitivit y analysis ,  th e paramete r  value s o f  eac h mode l  wer e 

systematicall y varie d ± 7 5 % from  th e optimu m value .  A t  eac h 

valu e o f  th e parameter ,  th e model' s behavio r  (phonemi c 

decisio n makin g an d lexica l  decisio n making )  wa s re-assesse d 

i n th e twelv e judgements . 

Results and Discussion 

Simulatin g H u m a n Dat a 

Al l  fou r  model s produce d "human-like "  result s i n ever y 

conditio n i n bot h phonemi c decisio n makin g an d lexica l 

decisio n making ,  includin g th e all-importan t  slowdow n i n 

phonemi c processin g i n condition s W 2 W1 an d W 2 N 1 .  Thu s 

i n term s o f  descriptiv e adequacy ,  al l  model s wer e functionall y 

equivalen t  i n thei r  abilit y  t o simulat e thi s se t  o f  data .  Thi s 

findin g suggest s tha t  th e tw o way s i n whic h lexica l  an d 

phonemi c informatio n ar e integrate d doe s no t  matter :  Direc t 

top-dow n feedbac k ( T R A C E ,  M A C E)  simulate s huma n 

performanc e jus t  a s wel l  a s integratin g th e tw o source s o f 

informatio n independentl y ( M E R G E)  o r  a  combinatio n o f  th e 

tw o method s ( M & M ) . 

Give n th e simila r  behavio r  o f  th e fou r  models ,  ho w shoul d 

we choos e amon g them ? Overl y comple x model s shoul d b e 

avoided .  Recal l  tha t  M E R G E,  M A C E an d M & M assum e tha t 

phoneme activatio n i s separat e fro m phonem e decisio n 

making .  Relativ e t o T R A C E ,  whic h make s n o suc h 

distinction ,  thes e model s requir e extr a parameter s ( 4 fo r 

M E R GE an d M A C E,  5  fo r  M & M ) .  Th e finding  o f  virtuall y 

no differenc e i n descriptiv e adequac y betwee n an y o f  th e 

model s suggest s tha t  splittin g phonemi c processin g acros s 

level s i s a  redundan t  propert y o f  thes e models ,  on e 

unnecessar y t o simulat e huma n behavior .  Instead ,  splittin g 

phonemi c processin g i n tw o ma y introduc e unnecessar y 

complexit y tha t  onl y reduce s generalizabilit y  o f  th e models , 

makin g the m les s stabl e amids t  paramete r  variation .  Th e 

sensitivit y analysi s explore s thi s possibility . 

Sensitivity Analysis 

Figur e 2  show s th e proportio n o f  non-human-lik e dat a 

pattern s (i.e. ,  errors )  generate d b y eac h mode l  whe n th e 

model' s parameter s wer e systematicall y varie d aroun d th e 

optimu m values .  Th e proportion s wer e average d ove r  al l 

parameter s an d ar e show n separatel y fo r  eac h o f  th e 1 2 

testin g conditions .  T R A C E wa s th e leas t  erro r  prone ,  wit h a 

2.1 % erro r  rate ,  wherea s th e othe r  thre e model s mad e 

considerabl y mor e error s ( 5 -  7  % ) .  Thi s resul t  i s  clea r 

confirmatio n tha t  splittin g phonemi c processin g int o tw o 

stage s ( M E R G E,  M A C E,  an d M & M )  doe s mor e tha n reflec t 

th e regularitie s o f  huma n speec h processing .  I t  introduce s 
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Figure 2. Results of sensitivity analysis.. 

unnecessary flexibility not needed to capture the phenomena 

of  interest . 

Examinatio n o f  Figur e 2  reveal s tha t  error s occurre d mos t 

frequently  i n thre e conditions :  W 2 W 1,  W 2 N1 i n phonemi c 

decisio n makin g an d W 2 W1 i n lexica l  decisio n making .  I n 

th e first  two ,  phonemi c an d lexica l  informatio n mus t  b e 

integrate d t o simulat e accuratel y huma n data .  I n th e third ,  th e 

effect s o f  lexica l  inhibitio n mus t  b e simulated .  Th e thre e 

model s wit h independen t  lexica l  an d phonemi c influence s o n 

phonemi c decisio n makin g ( M E R G E,  M A C E,  M & M )  wer e 

ver y sensitiv e t o paramete r  variatio n i n thes e conditions , 

producin g man y pattern s tha t  wer e no t  human-like .  T R A C E, 

on th e othe r  hand ,  wa s abl e t o exhibi t  human-lik e 

performanc e unde r  a  wide r  rang e o f  paramete r  values . 

Not e als o i n Figur e 2  th e simila r  performanc e profile s o f 

M E R GE an d M A C E acros s th e 1 2 conditions .  Recal l  tha t 

M A C E,  lik e T R A C E,  contain s top-dow n flow  o f  lexica l 

informatio n directl y t o th e phonemi c inpu t  level ,  bu t  lik e 

M E R G E,  phonemi c processin g i s spli t  int o tw o stages .  Th e 

fac t  tha t  thi s hybri d mode l  behave s s o similarl y t o M E R GE 

suggest s tha t  M E R G E ' s behavio r  i s determine d mor e b y th e 

separatio n o f  phonemi c processin g int o tw o stage s tha n b y 

lexica l  informatio n affectin g phonemi c decisio n makin g 

rathe r  tha n phonemi c activation .  I n othe r  words ,  wha t 
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differentiate s M E R GE from  T R A C E i s no t  s o muc h ho w 

informatio n flow s betwee n processin g stages ,  bu t  th e numbe r 

of  processin g stages .  Thi s resul t  suggest s tha t  th e curren t 

implementatio n o f  M E R GE i s onl y partiall y  faithfu l  t o th e 

theoretica l  principl e tha t  motivate d it s development . 

The sensitivit y analysi s suggest s tha t  th e extr a parameter s 

tha t  M E R G E,  M A C E,  an d M & M requir e a s a  resul t  o f 

separatin g phonemi c processin g int o tw o stages ,  an d thu s 

makin g th e model s non-interactive ,  increase s th e complexit y 

of  th e models .  Thi s desig n characteristi c ha s th e detrimenta l 

sid e effec t  o f  decreasin g mode l  robustness .  T R A C E explain s 

human dat a sufficientl y wel l  i n th e leas t  comple x manner . 

Summary and Conclusion 

The purpose of this preliminary investigation was to explore 

th e mode l  selectio n proble m i n cognitiv e psychology :  H o w 

shoul d on e decid e betwee n tw o computationa l  model s o f 

cognition ? Th e particula r  focu s o f  th e stud y ha s bee n o n 

assessin g mode l  faithfulness ,  whic h refer s t o th e degre e t o 

whic h a  model' s behavio r  originate s from  th e theoretica l 

principle s tha t  i t  embodies .  Th e ide a i s tha t  amon g a  se t  o f 

model s tha t  simulat e huma n performanc e equall y well ,  th e 

model  whos e behavio r  i s mos t  stabl e wit h variatio n o f 

paramete r  value s shoul d b e favored .  Thi s i s becaus e suc h a 

model  i s likel y t o b e mos t  faithfu l  t o th e theoretica l  principle s 

tha t  guide d th e model' s development ;  i t  i s  als o likel y t o hav e 

capture d th e underlyin g menta l  proces s i n th e leas t  comple x 

way.  Sensitivit y analysi s wa s introduce d a s a  too l  fo r 

assessin g mode l  faithfulness .  A n applicatio n o f  th e metho d 

was demonstrate d fo r  comparin g th e behavior s o f  fou r 

connectionis t  model s o f  speec h perception ,  T R A C E,  M E R G E, 

MACE an d M&M. 
Al l  fou r  model s wer e functionall y indistinguishabl e i n thei r 

abilit y  t o simulat e huma n data .  Sensitivit y analysis ,  however , 

reveale d tha t  T R A C E wa s th e mos t  stabl e model ,  suggestin g 

tha t  i t  bes t  reflect s th e underlyin g regularitie s o f  huma n 

behavio r  an d therefor e shoul d b e preferred .  A n importan t 

implicatio n o f  thes e result s fo r  modelin g speec h perceptio n i s 

tha t  th e separatio n o f  phonemi c decisio n makin g fro m 

phonemi c activation ,  a s assume d i n M E R G E,  M A C E,  an d 

M & M,  ma y b e a n overl y comple x architectura l  desig n tha t  i s 

not  necessar y t o captur e th e phenomeno n o f  interes t  (i.e. , 

lexica l  an d phonemi c interaction) . 
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