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The Interactiv e Activatio n mode l  (McClellan d &  Rumelhart ,  1981 ;  Rumelhar t  & 

McClelland ,  1982 )  ha s bee n successfull y applie d t o a  broa d rang e o f  phenomen a i n th e 

"letter-within-word "  perceptio n literature .  A  uniqu e aspec t  o f  th e Interactiv e 

Activatio n (lA )  mode l  i s tha t  al l  processin g i s base d upo n ver y simpl e loca l 

computation s simila r  i n spiri t  t o th e type s o f  computation s tha t  migh t  b e performe d b y 

neurons .  Thes e simpl e loca l  computation s however ,  giv e ris e t o interestin g globa l 

behavior s a t  th e networ k level .  Th e l A mode l  operate s b y attemptin g t o satisf y a 
grea t  man y loca l  constraint s betwee n ain d withi n a  se t  o f  lette r  an d wor d "nodes. " 

Thes e loca l  constraints ,  nevertheless ,  ar e explicitl y  give n t o th e l A model .  H o w migh t 
suc h constraint s evolv e ove r  tim e i f  learnin g wer e incorporate d int o th e L A model ? 

In this paper, a specific member of the class of neural models known as 
Brain-State-in-a-Bo x (BSB )  model s (Anderson ,  1983 ;  Anderson ,  Silverstein ,  Ritz ,  & 
Jones ,  1977 )  i s suggeste d a s a  usefu l  approac h fo r  considerin g th e developmen t  o f 

visua l  lette r  withi n wor d perception .  Interestingl y enough ,  recen t  theoretica l  result s 

(Golden ,  1985 ;  Hopfield ,  1984 )  indicat e tha t  th e dynami c behavio r  o f  th e B S B an d l A 
model s shar e importan t  qualitativ e similarities .  Th e B S B formsilism ,  however ,  i s 
comparativel y simple r  tha n th e l A formalism ,  make s interestin g reactio n tim e 

predictions ,  an d provide s a  forma l  framewor k fo r  considerin g ho w th e effect s o f 
experienc e creat e an d organiz e lette r  an d wor d representations .  Mor e specifically , 
usin g bot h reactio n tim e an d lette r  recognitio n accurac y a s dependen t  variables ,  th e 
B SB mode l  suggest s ho w th e effect s o f  experienc e influenc e th e developmen t  o f  th e 

abilit y  t o us e informatio n abou t  orthographi c redundanc y (Juola ,  Schadler ,  Chabot ,  & 
McCaughey ,  1978 ;  Lefto n &  Spragins ,  1974 )  an d cas e typ e (McClelland ,  1976 ; 
PoUatsek ,  Well ,  &  Schindler ,  1975) . 

Description of the neural model 

The testing dynamics of the model. The Brain-State-in-a-Box model is based upon 

a fe w neurophysiologica l  assumptions .  Th e first  assumptio n i s tha t  essentia l 
informatio n abou t  th e environmen t  i s assume d t o b e code d b y a  se t  o f  neurona l  firin g 

frequencie s (Anderson ,  1983 ;  Anderso n e t  al. ,  1977) .  I f  ther e ar e M neuron s i n th e 
system ,  th e momentar y activatio n patter n acros s th e neurona l  se t  i s characterize d b y 

an M-dimensiona l  stat e vecto r  i n whic h th e it h elemen t  o f  th e stat e vecto r  represent s 
th e firin g frequenc y o f  th e it h neuro n i n th e syste m minu s th e spontaneou s firin g 

frequenc y o f  tha t  neuron .  Th e magnitud e o f  th e stat e vecto r  represent s th e curren t 

signa l  strengt h whil e th e directio n o f  th e stat e vecto r  indicate s th e identit y o f  th e 

activatio n pattern .  Th e secon d assumptio n state s that ,  i n general ,  th e curren t  firin g 
rat e o f  a  neuro n m a y b e approximatel y represente d b y th e linea r  combinatio n o f  th e 

firin g rate s o f  th e othe r  neuron s i n th e syste m an d a  se t  o f  "synapti c connectivit y 
coefficients. "  Th e connectivit y coefficient s ar e a n attemp t  t o mode l  th e degre e o f 

synapti c efficac y betwee n pgiir s o f  neuron s withi n th e system .  Usin g matri x notation , 

thes e coefficient s ar e arrange d i n a  matri x suc h tha t  th e ijt h elemen t  o f  th e matri x 
represent s th e connectio n strengt h betwee n th e it h an d jt h neuron s i n th e system . 

The stat e vecto r  a t  discret e tim e slic e t  +  1  m a y no w b e rewritte n a s th e stat e vecto r 
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at discrete time slice t plus the state vector at discrete time slice t multiplied by the 

matrix .  Th e thir d assumptio n o f  th e mode l  i s tha t  eac h neuro n possesse s a  m a x i m u m 

and m in imu m firin g rate .  Thi s final  assumptio n introduce s a n essentia l  non-linearit y 

int o th e previou s linea r  syste m an d give s th e mode l  a n exceptionall y ric h rang e o f 

behavior .  Thi s assumptio n i s als o th e motivatio n behin d th e model' s nicknam e sinc e i t 

essentiall y  confine s th e M-dimensiona l  stat e vecto r  withi n th e spac e o f  a n 

M-dimensiona l  bo x o r  hypercub e (fo r  additiona l  detail s se e Anderso n e t  al. ,  1977) . 

The dynamics of the system are relatively straightforward. An initial pattern of 

neura l  activit y i s amplifie d usin g positiv e feedbac k unti l  al l  neuron s withi n th e syste m 

hav e obtaine d thei r  m a x i m u m o r  m in imu m firing  rates .  Mor e formally ,  on e cycl e 

throug h th e syste m m a y b e writte n as : 

S(i + 1) = TRUNC[AS(i) + S(i)] = TRUNC[(A + I)S(i)] (1) 

where I is the identity matrix, the notation S(i) indicates the activity vector after the 

it h feedbac k cycle ,  A  i s th e synapti c connectivit y matrix ,  an d th e T R U N C functio n 

set s al l  vecto r  element s whos e magnitude s ar e abov e som e m a x i m u m firing  frequenc y 

equa l  t o tha t  m a x i m u m firing  frequenc y an d al l  vecto r  element s whos e magnitude s 

ar e belo w som e min imu m firing  frequenc y equa l  t o tha t  min imu m firing  frequency . 

The initial state vector S(0) is presented to the system by applying equation (1) to 

S(0 )  t o generat e S(l) .  Th e stat e vecto r  S(l )  i s  the n applie d t o equatio n (1 )  t o generat e 

S(2) .  Thes e iteration s continu e unti l  S(i )  =  S( i  +  1) .  A t  thi s point ,  al l  th e element s o f 

th e syste m stat e vecto r  ar e firing  a t  thei r  min imu m o r  m a x i m u m firing  rates .  Sinc e 

i n thi s situatio n th e stat e vecto r  ha s reache d on e o f  th e h3T)ercub e corners ,  w e wil l  cal l 
thi s stat e vecto r  a  corne r  vector .  I f  th e stat e vecto r  arrive s a t  th e "correct " 

hypercub e comer ,  the n th e stimulu s i s assume d t o hav e bee n properl y categorized . 

The numbe r  o f  iteration s require d t o arriv e a t  a  hypercub e corne r  i s take n a s th e 

system' s reactio n time . 

The training algorithm. In typical simulations of the model, we assume that the 
perio d ove r  whic h learnin g occur s i s extremel y long ,  relativ e t o th e perio d ove r  whic h 

tJi e mode l  i s  tested .  Therefore ,  fo r  simplicity ,  learnin g i s no t  permitte d whe n th e 

model  i s tested .  Th e learnin g assumptio n implemente d i n thi s mode l  i s base d upo n a 

proposa l  b y Heb b (1949 )  tha t  state s i f  tw o neuron s withi n a  neura l  networ k 

simultaneousl y fire,  the n a  chang e i n th e nervou s syste m occur s suc h tha t  i f  one  o f 

th e tw o neuron s fires  a t  a  futur e dat e th e probabilit y  tha t  th e othe r  neuro n wil l  fire 

tend s t o increase . 

During the training phase, a stimulus and response vector pair are randomly 

selecte d fro m th e stimulu s set .  Th e stimulu s vecto r  i s the n perturbe d wit h rando m 

nois e an d passe d throug h (1 )  severa l  times .  Th e transforme d stimulu s vecto r  an d th e 

correspondin g respons e vecto r  ar e the n use d t o modif y th e matrix .  Usin g linea r 

algebra ,  th e learnin g assumptio n i s describe d b y th e followin g equation : 

^lew = Aold + -y tg - S(K)][g - S(K)]'r (2) 

where S(K) is the stimulus vector after K iterations through equation (1), A^^g^ is the 

update d sjmapti c connectivit y matrix ,  A ^ y i s th e origina l  matrix ,  g  i s th e desire d 

respons e o f  th e system ,  an d 7  i s a  scala r  betwee n zer o an d one .  Fo r  th e simulation s 

reporte d here ,  th e valu e o f  K  remaine d constan t  an d wa s alway s equa l  t o seven . 

Equation (2) therefore describes how the synaptic efficacy between individual 
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neurons within the system evolves over time as stimulus and response vectors are 

presente d t o th e model .  Th e exac t  for m o f  (2 )  i s no t  critical .  A n y learnin g rul e tha t 

biase s th e coefTicient s o f  th e connectivit y matri x suc h tha t  th e stimul i  withi n th e 

trainin g se t  becom e eigenvector s (associate d wit h larg e positiv e eigenvalues )  o f  th e 

matri x wil l  suffic e (Golden ,  1985) . 

Neural encoding of the stimuli. The assignment of "neural activation patterns" to 

specifi c sjrmbol s i s a s importan t  t o th e formulatio n o f  th e lette r  withi n wor d mode l  a s 

th e basi c B S B mechanis m itself .  A  uniqu e 28-dimensiona l  stat e vecto r  w a s assigne d 

t o eac h o f  th e upper-cas e an d lower-cas e form s o f  th e nin e mos t  frequen t  letter s o f  th e 

Englis h alphabe t  usin g a  lette r  featur e encodin g scheme .  A  stimulu s representin g a 

lette r  strin g coul d the n b e represente d b y concatenatin g fou r  28-dimensiona l  lette r 

subvectors .  Thus ,  four-lette r  words ,  pseudowords ,  an d nonword s wer e represente d b y 

112-dimensiona l  vectors . 

Theory 

Although the proposed model superficially seems rather homogeneous, a great 
deal  o f  structur e exist s i n th e synapti c connectivit y matri x afte r  \earmn g ha s 

occurred .  Thi s specifi c  interna l  structur e i s du e t o tw o factors .  First ,  th e syste m 
stat e vecto r  i s a  lis t  o f  position-specifi c  lette r  features .  An d second ,  th e leaimin g 
algorith m effectivel y extract s frequentl y appearin g pair-wis e featur e correlaitioTi s fro m 

th e stimul i  learne d b y th e model .  Therefore ,  th e matri x contain s tw o distinc t  type s o f 
synapti c weight s o r  pair-wis e lette r  featur e correlations .  On e se t  o f  synapti c weight s 

ar e referre d t o a s th e within-lette r  featur e correlations .  Th e secon d se t  o f  weight s ar e 
referre d t o a s between-lette r  featur e correlations .  Th e within-lette r  featur e correlation s 
i n th e matri x correspon d t o th e system' s knowledg e o f  th e spatiall y  redundan t 

informatio n i n words .  Th e between-lette r  featur e correlation s correspon d t o th e 
system' s knowledg e o f  th e transgraphemi c informatio n i n words . 

By definition, a nonword is a state vector that has not been "learned" by the 
system .  Suc h a  vecto r  ca n nevertheles s b e categorize d b y th e B S B mode l  sinc e th e 
within-lette r  featur e correlation s ca n independentl y amplif y th e familia r  lette r 

subvector s representin g th e nonwor d stimulus ,  despit e interferenc e fro m th e 
between-lette r  featur e correlations .  Whe n a  wor d o r  pseudowor d i s presente d t o th e 
system ,  bot h th e between-lette r  an d within-lette r  featur e correlation s cooperativel y 
amplif y th e syste m stat e vector .  Words ,  however ,  ten d t o b e recognize d faste r  an d 
more accuratel y tha n pseudoword s sinc e fewe r  between-lette r  featur e correlation s 

contribut e t o th e amplificatio n proces s durin g pseudowor d recognition .  Als o not e that , 
withi n th e framewor k o f  thi s model ,  th e superiorit y o f  lette r  recognitio n fo r  same-cas e 

relativ e t o mixed-cas e stimul i  i s  exactl y analogou s t o th e word-pseudowor d advantage . 

Consider now the major effects characterizing the developmental behavior of the 
model .  First ,  a s th e system' s experienc e wit h word s increases ,  letter s ar e recognize d 

faste r  an d mor e accuratel y withi n words ,  pseudowords ,  an d nonwords .  An d second , 
th e abilit y  t o us e informatio n abou t  th e orthographi c regularitie s withi n word s 
develop s ver y quickly .  Th e first  effec t  i s  a  direc t  consequenc e o f  th e numbe r  o f  time s 
a give n psu r  o f  lette r  feature s wa s presente d t o th e syste m durin g th e learnin g trials . 

The rapi d acquisitio n o f  th e abilit y  t o detec t  orthographi c informatio n occur s becaus e 

usefu l  lette r  featur e correlations ,  obtaine d fro m onl y a  fe w words ,  ar e use d t o 
categoriz e man y othe r  word s possessin g thos e featur e correlations . 

The model also makes a prediction regarding the development of alternating case 

effects .  A s experienc e wit h word s increases ,  th e advantag e o f  letter s withi n 
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same-case stimuli, relative to mixed-case stimuli, should increase at a fast rate in the 

initia l  stage s o f  developmen t  an d mor e slowl y i n th e late r  stages .  A  theor y suggestin g 

tha t  th e effect s o f  alternatin g cas e ar e locate d a t  th e "leve l  o f  singl e lette r 

discriminability "  (Adams ,  1979 ,  p .  154 ;  als o se e McClellan d &  Rumelhart ,  1981) , 

migh t  no t  mak e thes e predictions . 

Computer simulation results 

In the first set of experiments, the synaptic coefficients were initialized to zero 

and the n lette r  stimul i  wer e "taught "  t o th e syste m wit h (2) .  Afte r  150 0 

presentation s o f  lette r  stimuli ,  th e syste m wa s teste d usin g a  se t  o f  tes t  stimuli .  Th e 

tes t  stimulu s se t  consiste d o f  117 6 differen t  mixed-cas e an d same-cas e words , 

pseudowords ,  an d nonwords .  Th e reactio n tim e o f  th e syste m fo r  correctl y 

categorizin g eac h o f  th e initia l  stat e vector s representin g lette r  string s wa s the n 

recorded .  Th e abov e testin g procedur e wa s the n repeate d afte r  th e syste m ha d 

experience d 20 0 mor e presentation s o f  wor d stimuli .  Finally ,  th e trainin g o f  th e 

syste m upo n wor d stimul i  wa s continue d fo r  a n additiona l  80 0 learnin g presentation s 

smd agai n th e testin g procedur e wa s repeated . 

The simulation results are summarized in Figure 1. The reaction time of the 

model  fo r  recognizin g fou r  lette r  strings ,  lik e huma n subjects ,  tende d t o decreas e wit h 

age an d experienc e (Juol a e t  al. ,  1978) .  I n addition ,  th e qualitativ e effect s o f  a  rapi d 

acquisitio n o f  orthographi c knowledg e tha t  become s increasingl y fine-tuned  ove r  a 

relativel y longe r  perio d o f  tim e i s als o observe d (Juol a e t  al. ,  1978) .  I n addition ,  a s 
lette r  string s becom e mor e orthographicall y regular ,  letter s i n same-cas e stimul i  ar e 

recognize d faste r  tha n letter s i n mixed-cas e stimuli .  Thes e latte r  reactio n tim e result s 

hav e als o bee n observe d i n th e experimenta l  literatur e (Pollatse k e t  al. ,  1975 ;  Taylor , 

Miller ,  &  Juola ,  1977) . 

Figure 2 summarizes the results of a similar sequence of simulations where letter 

recognitio n error s wer e use d a s th e dependen t  measure .  I n thes e latte r  simulation s 

th e mode l  mad e frequen t  identificatio n error s becaus e o f  th e additio n o f  interferin g 

factor s ( a mas k an d additiv e noise )  i n th e testin g procedure .  Again ,  th e basi c 

qualitativ e effect s observe d i n th e huma n experimenta l  literatur e wer e als o observe d 

i n th e simulations .  Word s wer e recognize d mor e efficientl y tha n pseudowords ,  whic h 

wer e recognize d mor e efficientl y tha n nonwords ,  an d same-cas e stimul i  wer e 

recognize d mor e efficientl y tha n mixed-cas e stimuli .  Th e simulation s als o 

demonstrate  a  case-typ e b y orthograph y interaction .  Suc h a n effect ,  althoug h i n 

agreemen t  wit h reactio n tim e studie s o f  thi s phenomen a an d accurac y dat a obtaine d 

by McClellan d (1976) ,  wa s no t  observe d b y A d a m s (1979) .  Th e rapi d acquisitio n o f 

orthographi c knowledg e b y th e mode l  ha s als o bee n observe d usin g decisio n task s 

involvin g h u m a n subject s (Lefto n &  Spraglns ,  1974 ;  Rosinsk i  &  Wheeler ,  1972) . 

S u m m a ry 

A developmental version of the Interactive Activation model has been proposed 

base d upo n a  neura l  networ k mode l  suggeste d originall y b y Anderso n e t  al .  (1977) . 

The developmenta l  B S B mode l  offer s a  forma l  theor y tha t  motivate s th e us e an d 

connectio n o f  lette r  an d wor d node s i n th e L A model .  T o explicitl y  illustrat e thes e 

statements ,  som e simulation s o f  th e B S B mode l  wer e the n studied .  Th e result s o f  th e 

compute r  simulation s wer e compatibl e wit h th e experimenta l  literature .  Effect s o f 

orthograph y an d cas e typ e wer e observe d t o increas e i n magnitud e a s th e system' s 

experienc e wit h word-lik e stimul i  wa s extended . 
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Appendi x 1 

Vector Encodings of Letter Stimuli 

The followin g tabl e indicate s th e assignmen t  o f  specifi c  lette r  subvector s t o 

letters .  Th e assignmen t  o f  a  vecto r  codin g t o a  lette r  wa s base d upo n a n 

extensio n o f  Gibson' s (1969 ,  p .  88 )  abstrac t  lette r  featur e set .  Fo r  example ,  th e 

first  eigh t  element s o f  th e lette r  subvecto r  representin g E  ar e give n b y 

(-»-1,+1,+1,+1,-1,-1,-1,-1) .  Fo r  convenience ,  lette r  subvector s ar e describe d 

usin g hexadecima l  notatio n b y treatin g negativ e vecto r  element s a s zero s an d 

positiv e vecto r  element s a s ones .  Thus ,  th e abov e eight-dimensiona l  componen t  o f 

th e lette r  subvecto r  specifyin g E  i s represente d a s F O usin g hexadecima l  (bas e 

16)  notation .  Th e lette r  subvecto r  encoding s usin g hexadecima l  notatio n ar e 

provide d below . 

E 
T 
A 
0 
N 
R 
I 
S 
H 
X 

F003F3 F 

F00333 F 

CF033CF 

00C030 F 
33000C F 

33C30CF 

30003C F 

OOOCCOF 

F0033C F 

0F0330 F 

e 
t 
a 
0 
n 
r 
i 
s 
h 

C0CF030 
F03F0F F 

00C303 0 
00C030 0 

30300C 0 

303F0F 0 

30003F 0 
OOOCCOO 

30300C F 
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Appendix 2 

Letter string stimuli selection 

Word,  pseudoword ,  an d nonwor d lette r  string s wer e use d a s wor d vector s i n 

th e followin g experiments .  Th e wor d stimul i  wer e selecte d base d upo n moderat e 

frequenc y o f  occurrenc e i n th e Englis h language ,  an d wer e constructe d usin g onl y 

th e nin e mos t  frequen t  letter s i n th e Englis h alphabet .  Th e wor d stimul i  wer e 

the n scrambled ,  an d th e scramble d lette r  string s ranke d usin g a  spatia l 

redundanc y (i.e. ,  usin g th e likelihoo d tha t  a  particula r  lette r  woul d occu r  a t  a 

give n spatia l  positio n withi n a  word )  tabl e obtaine d b y analyzin g th e origina l  se t 
of  wor d stimul i  (se e Mason ,  1975 ,  fo r  additiona l  details) . 

Word Stimuli (ordered row-wise by decreasing frequency): THAT THIS INTO 
T H AN T H E N H E R E A R E A SEE N RAT E S O ON N E A R EAS T SORT RES T 
H E AR HAI R SEN T N O T E TES T O N ES S H OT N O NE RIS E H E A T THI N ROSE 
NIN E T O N E RAI N ART S SIT E SET S N O SE O N T O TRE E SEA T H E R O R E A R 
ASI A H A N S IRO N A N N E EAS E H A T E R A R E EAR S OHI O H O ST SEE S 
H O RN R O OT SONS T O N S N O ON STA R T O R N HIT S TIR E N E A T R E N T 
NEST T E N T TOE S THE E E A R N HERS SIN S HIR E TIE S TOR E HAT S N E O N 
S H OE R O AR TRO T ROSS TEA R SEA S SORE HIN T H O OT H O SE ION S T H O R 
TOSS TRI O S A N E A N N A A N T S HEI R OAT S R E N O RIO T STI R TAR T O A T H 
SIT S T E E N 

Pseudoword StimuIi(ordered row-wise by decreasing spatial redundancy): 
T E NE TER E TET S TORS SEN E TOS E TEO S TEI S SES E SONT SES T TET N 
RETS TAS E TEN R SOST T H N E T O N R T E A N TES N TOS N SOET SAR E T E H E 
SETN T O E N NET S TIS E TES R REA T ROES TOOR OENS AET S H O NR SOS N 
TOER THO S N O RT SOT R NEE S N O OS SAE S ROI T NOES R E T N H A S T TER A 
S O HE R A A E N O OT S O NO HES R E O NT SOSR EORS NEE T T N O E SAE T 
TROE AEE S N O ET H E OR TAT R R E A N H A E T TNO S AOST HEE R SOER 
R E ON SIS T N A R E EORT SOHT TRI E TRA T RAS T HIS T H O T O T E A H T E H N 
SIE T SET A T O S H TNE T SNA E H T N E RAE T H E R A HET A T O OH T A H T 
TAER SROE H A S N SES A SER H 

Nonword Stimuli (ordered row-wise by decreasing spatial redundancy): IRES 
A H SN O H NR TSR A OIS N OTS S EAS R SRT A SNT A OTA S ESS E ITS E IHT N 
INOT TROI  O A HT SNE O ERE T EOS H ORI T ESA E NSE T H T R O H R E O H T N A 
HSTO TSR I  RAI H ESS T ERT N STR A A N A N EIS R ESA T HTT A EHS R ISS T 
HTNI  E H OR RTT O O H T O A N E N E R A N R N E O EHE R O N EN ISE T HSE O 
E R ON STRI  E A T H O N NO OTN R ETT N IHE R EST N INE N ARE R OTS N 
E N NO ATT R AIS A HTS I  E H R A EHT A ORTO OSSN IRN O OST R AHRI  O T E N 
A S EN EIR H ISS N IRT O E N N A O T N O O S NO ARNI  ORRA EHRI  E N R A ERRA 
E N TA OTE R ITN O OSER RTOI  OHOI  NROI  ITE R ONTI  ETR A EST A OIH O 
ESSA O T A H ASA I 
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Figur e 1 .  Reactio n tim e plotte d a s a  functio n o f  cas e type ,  orthography ,  an d learnin g 
trials for Experiment 1. Solid hnes indicate same-case stimuli. Dashed hnes indicate 
mixed-case stimuli. 
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Figur e 2 .  Th e proportio n o f  correctl y recognize d letter s plotte d a s a  functio n o f  cas e 

type, orthography, and learning trials for Experiment 2. Solid lines indicate 

same-case stimuli. Dashed hnes indicate mixed-case stimuli. 
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