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A T i m e - D e p e n d e n t  D i s t r i b u t e d P r o c e s s i n g M o d e l 

of Strategy-Driven Inference Behavior 

Kurt P. Eiselt 

R i c h a r d H .  G r a n g e r ,  J r . 

Irvin e Computationa l  Intelligenc e Projec t 

Departmen t  o f  Informatio n an d Compute r  Scienc e 

Universit y o f  Californi a 

Irvine ,  Californi a 9271 7 

Abstract 

Experimental evidence suggests that some readers make inference decisions early on 

i n tex t  understandin g an d mol d th e inference s fro m late r  tex t  t o fi t  wit h th e eairlie r 

inferences ,  whil e othe r  reader s postpon e inferenc e decision s unti l  late r  i n th e tex t  an d 

the n bas e thei r  fina l  interpretatio n o f  th e tex t  o n thos e postpone d inferences .  Thi s 

behavio r  ha s bee n calle d strategy-drive n inferenc e behavio r  becaus e i t  wâ s originall y 

ascribe d t o differen t  strategie s use d b y reader s t o guid e th e coiirs e o f  thei r  inferenc e 

decisions .  Thi s pape r  present s a  ne w theor y o f  ho w thi s behavio r  come s about , 

attributin g th e observe d difference s i n behavio r  no t  t o differen t  strategie s bu t  t o ver y 

smal l  difference s i n th e underlyin g cognitiv e Jirchitecture .  Thi s theor y i s illustrate d 

by a  simpl e mode l  o f  inferenc e processin g durin g tex t  tmderstanding .  Th e inferenc e 

processin g mode l  employ s a  hybri d connectionis t  networ k whos e behavio r  i s  extremel y 

sensitiv e t o th e orde r  o f  activatio n o f  node s i n th e network ,  whic h i n tur n correspond s 

t o th e orde r  o f  presentatio n o f  event s i n th e story . 

1 Introduction 

One of the more intriguing mysteries of natural language understanding is that of strategy-

drive n inferenc e behavior .  Accordin g t o th e theor y o f  strategy-drive n inferenc e behavior , 

differen t  reader s consistentl y emplo y differen t  strategie s t o guid e thei r  choic e o f  aj i  inter -

pretatio n fo r  a  text .  Thes e strategie s ar e time-dependent ;  tha t  is ,  the y zur e sensitiv e t o 

th e orde r  o f  presentatio n o f  event s i n th e text .  Experimenta l  evidenc e suggest s tha t  som e 

reader s mak e inferenc e decision s earl y o n i n tex t  understandin g an d mol d th e inference s 

from  late r  tex t  t o fi t  wit h th e earlie r  inferences ,  whil e othe r  reader s postpon e inferenc e 

decision s unti l  late r  i n th e tex t  an d the n bas e thei r  fina l  interpretatio n o f  th e tex t  o n 

thos e postpone d inferences .  Thes e difference s i n inferenc e behavio r  ca n b e elicite d wit h 

th e us e o f  speciall y constructe d text s tha t  hav e tw o equall y likel y interpretations .  Upo n 

readin g thes e texts ,  som e reader s wil l  arriv e a t  on e interpretatio n whil e th e othe r  reader s 

wil l  find  th e alternativ e interpretation ,  an d thei r  choice s appea r  t o b e entirel y dependen t 

upo n th e sequenc e o f  event s i n th e story .  I f  th e orde r  o f  presentatio n i s reversed ,  th e 

differen t  set s o f  reader s wil l  revers e thei r  interpretations . 
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Previously ,  w e hav e buil t  tw o computational  model s o f  tex t  understandin g i n attempt s 

t o she d ligh t  o n th e processe s underlyin g strategy-drive n inferenc e behavior .  Thoug h 

th e explsmation s provide d b y thes e model s wer e satisfyin g a t  th e tim e th e model s wer e 

constructed ,  w e hav e sinc e foun d weaknesse s i n thes e explanations .  Thi s pape r  describe s 

our  ne w mode l  o f  tex t  understandin g whic h explain s observe d difference s i n inferenc e 

behavio r  a s th e resvd t  o f  a  connectionis t  networ k i n whic h th e interpretatio n settle d upo n 

i s determine d b y th e orde r  o f  activatio n o f  th e node s i n th e network . 

2 Old Problems, Old Solutions 

Granger and Holbrook (1983) reported the results of a psychological experiment that 

investigate d th e processe s peopl e us e i n makin g pragmati c inference s whil e readin g text . 

Thes e residt s provide d suppor t  fo r  Grange r  an d Holbrook' s theor y tha t  differen t  reader s 

employe d differen t  strategie s fo r  selectin g fro m alternativ e interpretation s o f  a  singl e text . 

I n thi s experiment ,  subject s rea d a  numbe r  o f  shor t  text s tha t  ha d tw o equall y plausibl e 

interpretations ,  suc h a s th e followin g text : 

Text 1: Wilma began to cry. 

Fre d ha d jus t  aske d he r  t o marr y him . 

Interpreting this text reqmres that a causal relationship between Fred's proposal and 

Wilma' s tear s b e inferred .  Th e experimenta l  result s showe d tha t  m a n y subject s inferre d 

tha t  Wi lm a wa s happ y abou t  Fred' s proposa l  an d wa s cryin g "tear s o f  joy, "  whil e ap -

proximatel y th e sam e numbe r  o f  subject s inferre d tha t  W i lm a wa s cryin g becaus e sh e 

was saddene d o r  upse t  b y th e proposal .  However ,  th e subjects '  interpretation s wer e no t 

base d o n thei r  predisposition s towar d a  particula r  interpretation ;  fo r  example ,  test s ru n 

on anothe r  se t  o f  subject s draw n fro m th e sam e subjec t  poo l  confirme d tha t  th e subject s 

almos t  unanimousl y associate d cryin g wit h sadnes s an d marriag e wit h happiness .  In -

stead ,  th e result s indicate d tha t  th e subjects '  interpretation s wer e base d o n th e orde r  o f 

presentatio n o f  th e event s i n th e story .  I n othe r  words ,  whe n som e subject s rea d Tex t  1 , 

the y determine d tha t  W i lm a wa s sa d base d o n inference s generate d fro m th e firs t  stor y 

event ,  th e fac t  tha t  W i lm a wa s crying ,  whil e othe r  reader s determine d tha t  sh e wa s happ y 

base d o n th e secon d stor y event ,  Fred' s marriag e proposal . 

Grange r  an d Holbroo k theorize d tha t  som e reader s consistentl y mak e inferenc e deci -

sion s a s earl y a s possibl e i n readin g an d tr y t o mak e inference s from  late r  tex t  tha t  agre e 

wit h th e earhe r  inferences ;  thes e reader s wer e calle d perseverers .  Othe r  readers ,  calle d 

recencies ,  postpon e makin g inferenc e decisions .  W h e n recencie s eventuall y d o mak e de -

cisions ,  the y ar e base d o n th e mos t  recentl y rea d text .  A  computationa l  mode l  o f  th e 

processe s suggeste d b y thi s theor y wa s develope d soo n thereafte r  (Granger ,  Eiselt ,  & 

Holbrook ,  1983) .  Thi s model ,  calle d S T R A T E G I S T ,  arrive s a t  eithe r  o f  tw o interpreta -

tion s o f  a n inpu t  tex t  usin g th e sam e componen t  inferenc e processe s bu t  differen t  rule s 

fo r  decidin g whe n th e processe s ar e invoked ,  resultin g i n differen t  interpretation s o f  th e 

same text . 

S T R A T E G I ST wa s late r  subsume d b y anothe r  computationa l  mode l  o f  inferenc e pro -

cessing .  Thi s model ,  A T L A S T ,  attempt s t o unif y lexica l  an d pragmati c inferenc e decisio n 
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processe s an d offer s a n explanatio n o f  ho w reader s ar e abl e t o correc t  erroneou s inferenc e 

decision s (Eiselt ,  1985 ;  Granger ,  Eiselt ,  &  Holbrook ,  1986 ;  Eiselt ,  1987) .  I n addition , 

A T L A ST als o provide s a  framewor k i n whic h t o furthe r  stud y strategy-base d inferenc e 

behavior . 

A T L A ST use s marker-passin g t o searc h a  relationa l  networ k fo r  path s whic h connec t 

meaning s o f  open-clas s word s fro m th e inpu t  text .  A  singl e pat h i s a  chai n o f  nodes ,  rep -

resentin g object s o r  events ,  connecte d b y link s tha t  correspon d t o relationship s betwee n 

th e nodes .  A n y node s i n a  pat h tha t  ar e no t  explicitl y  mentione d i n th e tex t  ar e event s 

or  object s tha t  ar e inferred ;  therefore ,  thes e path s ar e calle d inferenc e paths .  A  se t  o f 

inferenc e path s whic h join s al l  o f  th e word s i n th e tex t  int o a  connecte d grap h represent s 

one possibl e interpretatio n o f  th e text .  I n thi s respec t  A T L A S T resemble s a  numbe r  o f 

othe r  model s o f  tex t  understandin g tha t  utiliz e marker-passin g o r  spreadin g activatio n 

(e.g. ,  Charniak ,  1983 ;  Cottrel l  &  Small ,  1983 ;  Hirst ,  1984 ;  Quillian ,  1969 ;  Riesbec k & 

Martin ,  1986 ;  Walt z &  Pollack ,  1985) . 

For  an y give n text ,  however ,  ther e m a y b e a  grea t  numbe r  o f  possibl e interpretations , 

m a ny o f  whic h ar e nonsensiceJ .  T h e proble m the n i s determinin g whic h o f  th e possi -

bl e interpretation s provide s th e bes t  explanatio n o f  th e text .  A T L A S T deal s wit h thi s 

proble m b y applyin g inferenc e evaluatio n metrics .  Thes e metric s ar e use d t o compar e 

tw o competin g inferenc e path s an d selec t  th e mor e appropriat e one .  T w o inferenc e path s 

compet e whe n the y connec t  th e sam e tw o node s i n th e relationa l  networ k vi a differen t 

combination s o f  link s aoi d nodes .  Th e pat h tha t  fit s  bette r  wit h th e existin g interpreta -

tio n i s the n adde d t o th e interpretation .  Th e choic e o f  on e inferenc e pat h ove r  anothe r  i s 

m a de a s soo n a s A T L A S T discover s tha t  th e tw o path s compete ;  unlik e S T R A T E G I S T , 

A T L A ST doe s no t  postpon e inferenc e decisions .  A s th e marker-passin g searc h mecha -

nis m find s mor e paths ,  A T L A S T construct s a n interpretatio n consistin g o f  thos e path s 

tha t  surviv e th e evaluatio n process .  W h e n th e marker-passin g an d evaluatio n processe s 

end ,  th e survivin g inferenc e path s mak e u p th e fina l  interpretatio n o f  th e text . 

Most  o f  th e evaluatio n metric s attemp t  t o mak e eithe r  a  quantitativ e o r  qualitativ e 

judgmen t  o f  th e relativ e merit s o f  competin g inferenc e path s i n orde r  t o provid e th e 

most  parsimoniou s interpretation :  on e metri c favor s th e shorte r  o f  tw o paths ,  anothe r 

favor s th e pat h tha t  share s mor e node s wit h th e curren t  interpretation ,  an d stil l  anothe r 

metri c favor s th e mor e specifi c  pat h a s determine d b y th e relationship s represente d b y 

th e link s i n th e path .  I f  thes e metric s fai l  t o yiel d a  decisio n th e las t  remainin g metri c 

i s invoked ;  thi s metri c alon e determine s th e differenc e betwee n persevere r  an d recenc y 

behavior .  W h e n th e programme r  want s A T L A S T t o mode l  persevere r  behavior ,  a  rul e 

tha t  choose s th e inferenc e pat h foun d earlie r  i s used ;  recenc y behavio r  i s obtaine d b y us -

in g a  rul e tha t  select s th e inferenc e pat h foun d later .  Thu s th e theor y o f  strategy-drive n 

inferenc e behavio r  embodie d i n A T L A S T differ s significantl y fro m tha t  o f  it s predecessor , 

S T R A T E G I S T.  I n S T R A T E G I S T ,  th e differen t  inferenc e behavior s wer e cause d b y dif -

feren t  ordering s o f  invocatio n o f  th e sam e inferenc e decisio n processes .  I n A T L A S T ,  th e 

inferenc e decisio n processe s (i.e. ,  th e evaluatio n metrics )  ar e invoke d i n th e sam e orde r 

fo r  bot h type s o f  readers ,  an d th e differenc e i n inferenc e behavio r  i s attribute d t o th e us e 

of  a  differen t  "tie-breaker "  metri c tha t  i s  applie d onl y whe n th e othe r  metric s ar e unabl e 

t o choos e on e inferenc e pat h ove r  another . 

Ther e ar e a t  leâ t  tw o problem s wit h thi s explanatio n o f  strategy-base d inferenc e 
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behavior .  Th e first  proble m i s wit h th e natur e o f  th e evaluatio n metrics .  I n A T L A S T , 

th e perseverer/recenc y metri c ha s th e sam e statu s a s th e othe r  metric s i n tha t  the y ar e 

al l  rule s t o b e applie d afte r  competin g inferenc e path s hav e bee n discovered .  However , 

human understander s exhibi t  substantia l  difference s i n th e behavio r  tha t  woul d b e de -

termine d b y persevere r  o r  recenc y metrics ,  bu t  the y d o no t  appea r  t o exhibi t  significan t 

difference s i n th e behavio r  tha t  woul d b e determine d b y th e othe r  metrics .  I n othe r 

words ,  whil e w e se e equall y larg e proportion s o f  perseverer s an d recencie s i n th e labora -

tory ,  ther e i s nothin g tha t  suggest s tha t  reader s wh o favo r  paxsimoniou s interpretation s 

and thos e wh o d o no t  exis t  i n thes e sam e proportions .  Yet ,  i f  th e differenc e betwee n per -

severe r  an d recenc y behavio r  i s i n fac t  ride-based ,  an d simila r  rvde s ar e use d t o determin e 

othe r  inferenc e decisio n behavio r  a s well ,  w e woul d expec t  t o se e difference s i n behavio r 

alon g thos e lines .  W e simpl y d o no t  se e thes e othe r  differences ;  i n fac t  i t  i s  difficul t  t o 

imagin e ho w anyon e coul d functio n i n thi s worl d whil e alway s pursmn g th e lejis t  plausi -

bl e interpretatio n o f  everythin g rea d o r  heard. ^  Thus ,  a  mode l  tha t  coul d explai n w h y 

reader s exhibi t  difference s i n som e type s o f  inferenc e behavio r  bu t  no t  i n other s withou t 

resortin g t o arbitrar y difference s i n rule s woul d b e superio r  t o A T L A S T . 

The secon d proble m i s tha t  perseverer/recenc y behavio r  i n A T L A S T depend s upo n 

a seria l  orderin g o f  th e competin g inferenc e path s a s determine d b y th e relativ e time s 

at  whic h the y wer e discovered .  Althoug h A T L A S T i s intende d t o b e a  paralle l  model , 

th e parallelis m i s onl y simulate d an d th e inferenc e path s ar e discovere d an d evaluate d 

serially ;  A T L A S T take s advantag e o f  thi s latte r  fact .  I n a  trul y paralle l  system ,  tw o 

competin g inferenc e path s m a y b e discovere d a t  exactl y th e sam e time .  I n thi s case , 

ATLAST' s persevere r  an d recenc y metric s woul d no t  b e abl e t o mak e a  decision .  A  mor e 

desirabl e explanatio n o f  th e differenc e betwee n perseverer s an d recencie s woul d b e on e 

tha t  coul d functio n i n a  tru e paralle l  processin g environment . 

3 The New Solution 

The new model, called CATLAST (for Connectionist ATLAST), is directly inspired by 

th e wor k o f  Cottrel l  an d Smal l  (1983 )  an d Walt z an d Pollac k (1985) .  Thes e system s d o 

not  us e th e marker-passin g styl e o f  spreadin g activatio n tha t  A T L A S T employs .  Instead , 

thes e system s sprea d continuousl y variabl e numeri c quantitie s representin g activatio n 

energie s throug h a  networ k o f  node s connecte d b y excitatio n an d inhibitio n links .  A n 

interpretatio n o f  inpu t  tex t  i s  chose n no t  b y applicatio n o f  rules ,  bu t  b y th e iterativ e 

adjustmen t  o f  activatio n energie s a t  th e nodes .  Whil e thi s metho d o f  makin g inferenc e 

decision s i s clearl y a n exampl e o f  distribute d processing ,  th e representatio n schem e i s 

jus t  a s clearl y no t  distributed :  thes e network s al l  adher e t o th e "on e nod e equal s on e 

concept "  principl e (cf .  Collin s &  Loftus ,  1975 ;  Quillian ,  1968) .  Thus ,  thes e model s shar e 

feature s o f  rule-base d symbol-manipulatio n system s an d paralle l  distribute d processin g 

system s (Rumelhar t  &  McClelland ,  1986) . 

T̂her e ma y b e rar e exception s t o thi s rule ,  bu t  w e ar e unawar e o f  them .  Thoug h w e hav e no t  ru n 
experiment s t o tes t  fo r  thi s sor t  o f  anomalou s behavio r  i n h u m a n subjects ,  w e hav e ru n A T L A S T wit h th e 

metric s modifie d t o favo r  th e leas t  parsimoniou s interpretatio n o f  a  story .  Th e resultin g interpretation s 

bor e n o similarit y t o an y o f  th e interpretation s offere d b y h u m a n readers . 
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Propose -
Marriag e 

Figur e 1 :  C A T L A S T ' s m e m o r y network . 

The excitation/inhibition network used in CATLAST is simply a modified version of 

th e relationa l  networ k use d i n A T L A S T (se e Figur e 1) .  T w o uni-directiona l  inhibitor y 

links ,  represente d b y singl e dashe d line s i n Figur e 1 ,  hav e bee n adde d betwee n pair s o f 

incompatibl e nodes .  Th e inhibitio n weight s ca n tak e o n value s fro m 0  t o — 1 .  A  soH d 

lin e represent s tw o uni-directiona l  excitator y links .  T h e value s o f  excitatio n weight s ca n 

rang e fro m 0  t o 1 .  S o m e o f  th e excitator y link s ar e preferre d link s i n tha t  thei r  excitatio n 

weight s ar e highe r  tha n th e norm .  Fo r  th e example s discusse d i n thi s paper ,  th e preferre d 

hnk s ar e fro m Cry-Tear s t o Sad-Stat e (bu t  no t  fro m Sad-Stat e t o Cry-Tears )  an d from 

Propose-Marriag e t o Happy-Even t  (bu t  no t  from  Happy-Even t  t o Propose-Marriage) . 

T h e activatio n functio n use d t o comput e activatio n level s a t  th e individua l  node s 

or  computin g unit s i s loosel y base d o n th e interactiv e activatio n functio n describe d b y 

McClellan d an d Rumelhar t  (1981) : 

aj{i -I-1) = mm(l,max(0,Cia,(0 + C^iY^y^iM^))!^,)) 

where ai{t) is the activation energy at node i at time <, Wij is the excitation or inhibition 

weigh t  o n th e Hn k from  nod e i  t o nod e j ,  U j  i s  th e numbe r  o f  input s t o nod e j ,  an d C \ 

an d C 2 ar e dampin g factor s tha t  represen t  degree s o f  confidenc e i n thei r  respectiv e terms . 

Wi t h C A T L A S T w e ar e tryin g onl y t o find a  bette r  explanatio n fo r  strategy-drive n 

inferenc e behavior ;  w e ar e not ,  a t  thi s time ,  attemptin g t o buil d a  robus t  languag e 

understandin g system .  Therefore ,  w e hav e take n th e libert y o f  simplifyin g CATLAST ' s 

inpu t  text s dow n t o th e event s explicitl y  state d i n thos e texts .  W h e n C A T L A S T processe s 

a text ,  th e first  even t  i s read ,  th e correspondin g nod e i s raise d t o it s m a x i m u m activatio n 

leve l  (i.e. ,  1) ,  an d th e networ k i s allowe d t o settl e throug h iterativ e applicatio n o f  th e 

functio n give n above .  The n th e nex t  even t  i s read ,  it s correspondin g nod e i s activated , 

an d th e networ k settle s again .  C A T L A S T ' s interpretatio n o f  th e tex t  i s  determine d b y 

comparin g th e final  activatio n level s a t  th e nodes ,  wit h hig h level s favore d ove r  lo w levels . 

By adjustin g th e parameters ,  C A T L A S T ca n b e tune d s o tha t  i t  eithe r  alway s select s 

th e "sad "  interpretatio n o r  i t  alway s select s th e "happy "  interpretation ,  regardles s o f 

whic h even t  i s presente d first.  M u c h mor e interestin g i s th e fac t  tha t  C A T L A S T ca n 

als o b e tune d s o tha t  i t  select s th e interpretatio n preferre d b y th e first  even t  presented . 

Tha t  is ,  i t  exhibit s persevere r  behavior :  i f  Cry-Tear s i s activate d first  C A T L A S T choose s 

th e "sad "  interpretation ,  bu t  i t  choose s th e "happy "  interpretatio n i f  Propose-Marriag e i s 

activate d first. 
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However ,  equippe d wit h onl y th e feature s describe d s o far ,  C A T L A S T canno t  b e 

tune d s o tha t  i t  consistentl y exhibit s recenc y behavior .  I n orde r  t o correc t  thi s deficiency , 

C A T L A ST mus t  b e endowe d wit h th e abilit y  t o postpon e makin g a  decisio n unti l  i t  read s 

th e secon d event .  Thi s i s accomplishe d b y th e additio n o f  a n inhibitio n threshol d fo r  th e 

inhibitor y link s an d a n excitatio n threshol d fo r  th e nodes . 

The inhibitio n threshol d prevent s th e inhibitor y lin k fro m feedin g inhibitio n energ y 

int o a  destinatio n nod e unti l  th e activatio n energ y a t  th e sourc e nod e exceed s a  prescribe d 

value .  Increasin g thi s threshol d ha s th e effec t  o f  delayin g th e onse t  o f  inhibition ,  thu s 

helpin g t o postpon e th e inferenc e decision .  Th e excitatio n threshol d hold s th e activatio n 

of  a  nod e a t  th e m i n i m u m valu e (i.e. ,  0 )  unti l  th e tota l  activatio n energ y a t  tha t  nod e 

exceed s a  prescribe d value .  Increasin g thi s threshol d effectivel y slow s th e sprea d o f  ac -

tivatio n energ y throug h th e network .  Neithe r  o f  thes e feature s alon e ca n postpon e th e 

decisio n lon g enoug h t o caus e C A T L A S T t o exhibi t  recenc y behavior ,  a s fa r  a s w e hav e 

been abl e t o determine .  O n th e othe r  hand ,  th e tw o threshold s combine d d o provid e th e 

necessar y dela y whe n th e appropriat e value s hav e bee n assigned . 

4 The New Solution in Action 

Figure 2 shows the time course of the activation of the individual nodes while CATLAST 

exhibit s persevere r  behavio r  o n a n abbreviate d versio n o f  Tex t  1 .  I n thi s example ,  th e 

first  even t  i s rea d an d Cry-Tear s i s raise d t o it s m a x i m u m activatio n level. ^  A s activatio n 

energ y feed s int o Sad-Stat e an d Happy-State ,  th e activatio n leve l  a t  Cry-Tear s dip s briefl y 

and the n recovers .  Sad-Stat e an d Happy-Stat e follo w almos t  th e sam e cours e o f  activatio n 

fo r  awhile ,  thoug h th e leve l  a t  Sad-Stat e i s alway s slightl y highe r  becaus e th e weigh t  o n 

th e excitatio n lin k fro m Cry-Tear s t o Sad-Stat e i s greate r  tha n th e weigh t  o n th e lin k fro m 

Cry-Tear s t o Happy-State . 

Activatio n energ y the n spread s t o neighborin g nodes .  Becaus e Sad-Stat e i s alway s 

highe r  tha n Happy-State ,  th e excitatio n threshol d a t  Sad-Even t  i s exceede d befor e tha t 

threshol d i s reache d a t  Happy-Event ,  Th e activatio n leve l  a t  Sad-Even t  begin s t o rise , 

whic h furthe r  encourage s th e increas e a t  Sad-State .  A s th e leve l  a t  Sad-Stat e approache s 

th e max imum ,  th e inhibitio n threshol d o n th e inhibitor y lin k fro m Sad-Stat e t o Happy -

Stat e i s exceede d an d th e activatio n leve l  a t  Happy-Stat e begin s t o plummet .  Meanwhile , 

activatio n energ y from  Sad-Even t  spread s t o Propose-Marriag e whic h i n tur n spread s t o 

Happy-Event .  Receivin g suppor t  fro m bot h Propose-Marriag e an d th e stil l  activ e Happy -

State ,  Happy-Even t  exhibit s a  brie f  increas e i n activatio n whic h quickl y die s a s Happy -

Stat e drag s Happy-Even t  down .  Th e networ k settle s int o a  stabl e stat e i n whic h al l  node s 

ar e a t  m a x i m u m activatio n level s excep t  fo r  Happy-Stat e an d Happy-Event ,  whic h ar e 

at  m in imu m levels ;  thi s occur s befor e th e secon d even t  i s read .  Activatin g Propose -

Marriag e doe s no t  chang e th e distributio n o f  energ y i n th e networ k a s Propose-Marriag e 

i s alread y a t  th e m a x i m u m leve l  an d th e networ k i s stable ,  s o C A T L A S T maintain s it s 

"sad "  interpretatio n o f  Tex t  1 .  Ha d C A T L A S T bee n presente d wit h th e sam e event s bu t 

'Fo r  thos e w h o wis h t o tr y  thi s a t  h o m e ,  th e patametei s ar e se t  a s follows :  C i  i s  0.6 ,  C 2 i s  0.9 ,  th e 

inhibitio n weigh t  i s  —1.0 ,  th e standar d excitatio n weigh t  i s 0.9 ,  th e preferre d excitatio n weigh t  i s 0.95 ,  th e 

inhibitio n threshol d i s 0.999 ,  an d th e excitatio n threshol d i s 0.192 . 
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Figure 2: The time course of activation as CATLAST exhibits perseverer behavior. 
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i n th e revers e order ,  i t  woul d hav e settle d upo n th e "happy "  interpretation .  Becaus e o f 

th e symmetr y o f  th e network ,  th e resultin g tim e cours e o f  activatio n woul d hav e bee n th e 

same a s tha t  show n i n Figur e 2 ,  wit h th e exceptio n tha t  th e orde r  o f  th e label s assigne d t o 

th e individua l  graph s woul d b e inverted .  Thus ,  Cry-Tear s woul d exhibi t  th e tim e cours e 

tha t  Figur e 2  no w show s fo r  Propose-Marriage ,  Sad-Stat e woul d displa y th e tim e cours e 

no w show n fo r  Happy-Event ,  an d s o on . 

Figur e 3  show s th e tim e cours e o f  nod e activatio n a s C A T L A S T processe s Tex t  1  a s 

a recency. '  Afte r  readin g th e firs t  event ,  C A T L A S T ' s behavio r  a s a  recenc y pzLrallel s it s 

behavio r  a s a  perseverer ,  bu t  raisin g th e excitatio n threshol d ha s prevente d activatio n 

energ y fro m spreadin g beyon d Sad-Stat e an d Happy-State ;  th e networ k stabilize s wit h a 

sUghtl y highe r  activatio n leve l  a t  Sad-Stat e tha n a t  Happy-State ,  agai n becaus e o f  th e 

increase d weigh t  o n th e excitator y lin k fro m Cry-Tear s t o Sad-State . 

C A T L A ST read s th e secon d stor y even t  an d raise s Propose-Marriag e t o th e m a x i m u m 

activatio n level .  Becaus e bot h Sad-Even t  an d Happy-Even t  ar e no w receivin g activatio n 

energ y from  tw o sources ,  thei r  activatio n level s ris e sharply ,  thoug h Happy-Even t  rise s 

a bi t  mor e quickl y becaus e i t  i s  preferre d b y Propose-Marriage .  A t  th e exac t  tim e tha t 

Happy-Even t  reache s m a x i m u m activation ,  Sad-Even t  i s jus t  fa r  enoug h behin d t o mak e al l 

th e differenc e i n C A T L A S T ' s behavio r  becaus e th e energ y a t  Happy-Even t  ha s exceede d 

th e inhibitio n threshol d bu t  th e energ y a t  Sad-Even t  ha s not .  Happy-Even t  begin s t o 

inhibi t  Sad-Even t  bu t  no t  vice-versa ,  an d Sad-Even t  begin s t o fall .  A t  th e sam e time , 

Sad-Stat e an d Happy-Stat e hav e reache d m a x i m u m activatio n an d inhibi t  eac h other . 

They the n fal l  belo w th e inhibitio n threshold ,  thei r  activatio n level s ris e t o m a x i m u m , 

and the y inhibi t  eac h othe r  again ,  thu s displayin g oscillator y behavior .  Sad-State ,  though , 

lose s reinforcemen t  a s Sad-Even t  declines ,  activatio n level s a t  bot h node s decreas e t o th e 

minimum ,  an d C A T L A S T settle s upo n th e "happy "  interpretation .  Again ,  i f  th e stor y 

event s ha d bee n presente d i n th e revers e order ,  C A T L A S T woul d hav e settle d o n th e 

alternat e interpretation .  Th e resultin g tim e cours e o f  activatio n ca n b e constructe d b y 

invertin g th e orde r  o f  th e label s o f  Figur e 3  a s describe d previously . 

5 Conclusion 

The explanation of strategy-driven inference behavior offered by CATLAST is that such 

behavio r  i s no t  strategy-drive n afte r  all .  C A T L A S T explain s difference s i n inferenc e 

behavio r  a s resultin g from  exactl y th e sam e architectur e wit h onl y ver y sligh t  difference s 

i n th e computin g units '  sensitivit y t o activatio n energy .  (I n th e example s give n above , 

th e abrup t  chang e from  persevere r  t o recenc y behavio r  wa s cause d b y a n increas e i n 

th e excitatio n threshol d o f  onl y 0.001. )  Whethe r  C A T L A S T behave s a s a  recenc y o r  a 

perseverer ,  th e model' s preferenc e fo r  th e mos t  parsimoniou s interpretatio n i s preserved , 

as suc h preference s ar e inheren t  i n connectionis t  architecture s (e.g. ,  give n tw o competin g 

inferenc e path s i n a  connectionis t  network ,  th e node s i n th e shorte r  pat h wil l  hav e highe r 

level s o f  activatio n tha n th e node s i n th e longe r  pat h an d th e shorte r  pat h wil l  b e favored) . 

I n addition ,  th e mode l  doe s no t  rel y o n an y seria l  orderin g whic h arise s throug h simulatio n 

^The value s o f  th e parameter s fo r  thi s exampl e diffe r  fro m th e previou s exampl e onl y i n tha t  th e 
excitatio n threshol d i s no w 0.19 3 instea d o f  0.192 . 
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Figure 3: The time course of activation as CATLAST exhibits recency behavior. 
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of  a  paralle l  proces s o n a  seria l  processor .  Thus ,  C A T L A S T provide s solution s t o th e tw o 

problem s discusse d earlie r  tha t  wer e lef t  unsolve d b y A T L A S T . 

Not  al l  inferenc e decisio n behavio r  i s automati c o r  unconscious ,  bu t  w e believ e th e 

perseverer/recenc y behavio r  discusse d i n thi s pape r  certainl y is .  Anecdota l  evidenc e 

fro m th e experimen t  describe d i n Sectio n 2  provide s som e suppor t  fo r  thi s claim :  severa l 

experimenta l  subject s no t  onl y wer e consisten t  i n th e interpretation s the y assigne d t o 

tes t  stories ,  the y proteste d tha t  othe r  interpretation s wer e entirel y implausibl e (Grange r 

et  al. ,  1983) .  I f  attentiona l  o r  consciou s processe s ha d bee n involve d i n interpretin g a 

give n story ,  on e woul d expec t  tha t  th e subject s woul d hav e ha d som e memor y o f  differen t 

possibl e interpretation s the y mus t  hav e entertaine d whil e readin g th e text ;  i n a t  leas t 

thes e case s the y di d not .  Thu s i t  seem s reasonabl e t o tr y t o explai n thi s aspec t  o f 

th e huma n languag e understandin g mechanis m a s th e resul t  o f  subtl e difference s i n th e 

underlyin g cognitiv e architecture ,  thoug h i t  i s  no t  necessaril y  th e cas e tha t  al l  aspect s o f 

languag e understandin g ca n b e modele d adequatel y a t  thi s level . 

Finally ,  som e migh t  conclud e tha t  th e questio n o f  ho w perseverer/recenc y behavio r 

comes abou t  doe s no t  warran t  th e attentio n w e hav e give n it .  Afte r  all ,  thi s behavio r 

i s usuall y onl y elicite d b y speciall y constructe d texts ;  everyda y text s ar e seldo m i f  eve r 

constructe d i n suc h a  wa y a s t o leav e th e reade r  wit h tw o equall y likel y interpretation s an d 

no clu e a s t o whic h interpretatio n i s correct .  However ,  th e fac t  tha t  peopl e d o consistentl y 

exhibi t  thes e differences ,  eve n i f  i t  occur s onl y i n th e laboratory ,  inform s u s abou t  th e 

human languag e understandin g mechanism—i t  provide s constraint s whic h mus t  guid e 

th e developmen t  o f  a  comprehensiv e mode l  o f  languag e understanding ,  howeve r  fa r  i n 

th e futur e tha t  m a y be . 
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