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A b s t r a c t 

It takes approximately one second for an adult 

t o respon d t o th e proble m " 7 x  8 "  Th e result s 

of  tha t  secon d ar e wel l  documented ,  an d ther e 

ar e a  numbe r  o f  competin g theorie s attemptin g 

t o explai n th e phenomen a [Campbel l  &  Graha m 

1985 ;  Ashcrof t  1987 ;  Siegle r  1988] .  However . 

ther e ar e fe w full y articulate d model s availabl e 

t o tes t  specifi c  assumptio n [McCloskey ,  Harley , 

& Soko l  1991] .  Thi s pape r  present s a  connection -

is t  accoun t  o f  menta l  multiplicatio n whic h mod -

el s adul t  reactio n tim e an d erro r  patterns .  Th e 

phenomeno n i s  viewe d a s spreadin g activatio n 

betwee n stimulu s digit s an d targe t  products ,  an d 

i s implemente d b y a  multilayere d networ k aug -

mente d wit h a  versio n o f  th e "cascade "  equation s 

[McClellan d 1979] .  Simulation s ar e performe d t o 

mimi c Campbel l  &  G r a h a m s  [1985 ]  experiment s 

measurin g adults '  m e m o r y fo r  single-digi t  multi -

plication .  A  surprisingl y smal l  numbe r  assump -

tion s ar e neede d t o replicat e th e result s foun d 

i n th e psychologica l  literature—fewe r  tha n som e 

(les s explicit )  theorie s presuppose . 

P h e n o m e n a 

When asked to recall answers to two digit multiplica-

tio n problem s "a s quickl y an d accuratel y a s possible " 

[Campbel l  &  G r a h a m 1985] .  bot h childre n an d adult s 

exhibi t  wel l  documente d pattern s o f  behaviour .  I n 

general ,  respons e time s (RTs )  increas e acros s th e 

multiplicatio n tables :  problem s i n th e nin e time s ta -

bl e ten d t o tak e longe r  t o answe r  tha n problem s i n th e 

tw o time s table .  However ,  thi s "proble m siz e effect " 

has plent y o f  exception s (e.g. ,  th e five  time s tabl e i s 

'Thank s t o Harr y Barro w &  Davi d Young .  Funde d b y th e 
SERC i n conjunctio n wit h Integra l  Solution s Ltd .  Simulation s 
were performe d usin g a  modifie d versio n o f  th e McClellsm d & 
RumeUiar t  [1988 ]  b p program ,  an d P O P L OG POP-U . 

much faste r  tha n it s positio n woul d suggest—se e fig-

ur e 1) .  I n addition ,  "tie "  problem s ( 2 x  2 ,  3  x  3  etc. ) 

ar e recalle d relativel y quickly .  Campbel l  &  Graha m 

[1985 ]  foun d tha t  adult s unde r  mil d tim e pressur e 

make error s a t  th e rat e o f  7.6 5 pe r  cent ,  an d 92. 6 pe r 

cen t  o f  thos e error s fal l  int o th e followin g five  cate -

gorie s (afte r  McCloske y e t  al .  [1991]) : 

•  Operan d errors ,  fo r  whic h th e erroneou s produc t  i s 

correc t  fo r  a  proble m tha t  share s a  digi t  (operand ) 

wit h th e presente d proble m (e.g. ,  6  x  4  =  36 ,  be -

caus e th e proble m share s 4  wit h 9  x  4  =  36) . 

• Close operand errors, a subclass of operand errors, 

wher e th e erroneou s produc t  i s als o clos e i n magni -

tud e t o th e correc t  product .  Tha t  is ,  fo r  th e prob -

le m a  X  b ,  th e erro r  wil l  ofte n b e correc t  fo r  th e 

proble m ( a ± 2 )  x  fror  a  x  (6±2 )  (e.g. ,  6 x 4 =  28) . 

Thi s phenomeno n i s  referre d t o a s th e "operan d 

distanc e effect " 

•  Frequen t  produc t  errors ,  wher e th e erro r  i s on e o f 

th e five  product s 12 ,  16 ,  18 ,  2 4 o r  36 . 

• Table errors, where the erroneous product is the 

correc t  answe r  t o som e proble m i n th e rang e 2 x 2 

t o 9  X  9 ,  bu t  th e proble m doe s no t  shar e an y digit s 

wit h th e presente d proble m (e.g. ,  6  x  4=15) . 

• Operation errors, where the error to a x 6 is correct 

fo r  a  +  b . 

Despit e bein g drille d o n th e multiplicatio n table s 

at  school ,  childre n an d adult s mak e thes e systemati c 

slip s i n recall .  Th e proble m i s t o produc e a  mode l 

whic h ha s correctl y learn t  th e multiplicatio n tables , 

yet  ca n mak e slip s whe n recallin g answers .  Give n th e 

observation s o n th e type s o f  erroneou s responses ,  an d 

th e R T fo r  correc t  responses ,  wha t  assumption s mus t 

be mad e t o accoun t  fo r  thes e phenomena ? Th e mode l 

presente d her e suggest s tha t  th e initia l  ske w i n th e 

frequenc y an d orde r  o f  presentatio n o f  multiplicatio n 

fact s [Campbel l  1987 .  p .  118 ]  i s on e o f  th e importan t 

factors . 
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Figur e 1 :  Plo t  o f  mea n correc t  R T pe r  multiplica -

tio n tabl e collapse d ove r  operan d orde r  fo r  mea n R T 

of :  6 0 adult s [Campbel l  k  Graha m 1985 ,  app .  A] ;  2 6 

childre n i n grad e 5 ,  R T scale d dow n fro m a  rang e o f 

1.19-2.9 7 second s t o fit  grap h [ibid .  app .  B] ;  2 0 net -
work s traine d o n skewe d frequencies ;  and ,  th e sam e 

20 network s afte r  continue d trainin g o n unifor m fre -

quencies .  Th e R T fo r  bot h network s ha s bee n scale d 

by th e sam e amount . 

Architectur e o f  th e m o d e l 

The structure of the network is shown in figure 2. 
Thi s architectur e ha s evolve d i n a  numbe r  o f  stage s 

sinc e i t  wa s first  use d a s a  subnetwor k i n a  sequen -

tia l  networ k fo r  lon g additio n (an d late r  lon g mul -

tiplication) .  Initiall y th e outpu t  laye r  wa s divide d 

int o "tens "  an d "units" ,  an d b y addin g a  simpl e R T 
measur e i t  wa s foun d tha t  th e networ k produce d a 

prominen t  di p i n th e R T curv e fo r  th e five  time s ta -

ble .  Thi s effec t  wa s increase d b y trainin g sequentiall y 

throug h th e tables ,  bu t  th e networ k di d no t  produc e 

th e kind s o f  mistake s reporte d b y Campbel l  k  Gra -

h a m [1985] .  Changin g th e outpu t  laye r  t o a  repre -
sentatio n o f  products ,  an d usin g a  coars e encodin g o f 

th e inpu t  digit s produce d mor e realisti c errors . 

Th e curren t  networ k i s traine d o n al l  th e problem s 

2 x 2 throug h 9  x  9  i n a  rando m orde r  usin g back -

propagation .  Th e tw o digit s tha t  compris e a  prob -

le m ar e coars e encode d o n th e tw o set s o f  eigh t  in -

put  units ,  wit h th e activatio n decayin g exponentiall y 

fro m th e presente d digi t  (e.g. ,  whe n encodin g "5" ,  th e 

inpu t  vecto r  woul d contai n 1. 0 fo r  th e five  unit ,  an d 

0. 5 fo r  th e fou r  an d si x units ,  an d s o on) .  Fo r  ti e prob -

lems ,  a n additiona l  ti e bi t  i s  se t  t o 1.0 .  Withou t  this , 

th e ti e problem s wer e consistentl y amon g th e slowes t 

problems .  Th e ti e bi t  ca n b e though t  o f  a s reflectin g 

th e perceptua l  distinctivenes s o f  ti e problems .  Acti -

vatio n flows through  a  hidde n laye r  o f  te n unit s t o 

th e outpu t  layer .  Ther e i s on e outpu t  uni t  pe r  prod -

uct  typ e plu s a  "don' t  know "  unit .  Th e networ k i s 

traine d t o activat e on e outpu t  uni t  pe r  proble m ( a 

one-of- N encoding) . 

Durin g trainin g th e presentatio n frequenc y o f  eac h 

patter n i s  linearl y skewe d i n favou r  o f  th e smalle r 

problem s (relativ e frequenc y o f  1. 0 fo r  2  x  2  t o 0. 1 

fo r  9 x 9 ,  base d o n correc t  product) .  Althoug h smal l 

problem s d o occu r  mor e frequentl y i n textbooks , 

ther e i s n o reaso n t o believ e thi s ske w continue s int o 

adulthoo d [McCloske y e t  al .  1991 ,  p .  328] .  Hence , 

afte r  trainin g t o a n erro r  criterio n (tota l  s u m squared , 

TSS)  o f  0.0 5 o n th e skewe d trainin g se t  (takin g ap -

proximatel y 8  00 0 epochs) ,  th e networ k i s traine d fo r 

a furthe r  2 0 00 0 epoch s wit h equa l  frequencie s (reach -

in g a  mea n T S S o f  0.005) .  A t  th e en d o f  trainin g bot h 

th e "skewed "  network s an d "equalized "  network s cor -

rectl y solv e al l  problems .  A n initia l  worr y wa s tha t 

th e ske w woul d lea d th e network s int o a  loca l  min -

im a fro m whic h th e tas k coul d no t  b e completed .  T o 

avoi d thi s possibility ,  a  lo w learnin g rat e o f  0.0 1 wa s 

use d durin g trainin g ( m o m e n t u m wa s 0.9) . 

Th e ske w wa s produce d b y storin g th e relativ e fre -

quenc y (betwee n zer o an d one )  o f  a  proble m alongsid e 

th e proble m i n th e trainin g set .  W h e n a  proble m wa s 

presente d t o th e network ,  th e weigh t  erro r  derivativ e 

was multiplie d b y th e relativ e frequenc y valu e fo r  tha t 

pattern .  (Thi s ca n b e though t  o f  a s providin g eac h 

inpu t  patter n wit h a  differen t  learnin g rate. )  Thi s 

metho d allowe d accurat e contro l  ove r  th e presenta -

tio n frequencies ,  withou t  duplicatin g entrie s i n th e 
trainin g set . 

Th e "cascade "  activatio n equatio n [McClellan d & 

Rumelhar t  1988 ,  p .  153 ]  i s  use d t o simulat e th e sprea d 

of  activatio n i n th e network .  Eac h unit' s  activatio n 

i s allowe d t o buil d u p ove r  time : 

net<( 0 =  k'^WijOjit )  -I -  ( 1 -  * )  net,( < -  1) , 

where k is the cascade rate which determines the rate 

wit h whic h activatio n build s up ,  u ;  i s  th e weigh t  m a -
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trix ,  an d aj{t )  i s  th e activatio n o f  uni t  j  a t  tim e t . 

For  th e simulation s describe d here ,  k  =  0.05 .  Th e 

net i  i s  passe d throug h a  logisti c squashin g functio n 

t o produc e th e activatio n value ,  a, .  Th e respons e val -

ues ar e take n t o b e th e normalize d activatio n value s 

(th e s u m o f  th e outpu t  laye r  activit y i s 1.0) . 

McClellan d k  Rumelhar t  [1988 ]  poin t  ou t  tha t 

th e asymptoti c activatio n o f  unit s unde r  th e cascad e 

equatio n i s th e sam e a s tha t  reache d afte r  a  stan -

dar d feed-forwar d pass .  Hence ,  th e networ k i s traine d 

withou t  th e cascad e equatio n (o r  wit h k  =  1 ,  i f  yo u 

prefer) ,  an d the n th e equatio n i s switche d o n t o mon -

ito r  th e network' s behaviou r  durin g recall . 

At  th e star t  o f  cascad e processin g th e initia l  stat e 

of  th e networ k i s th e stat e tha t  result s fro m process -

in g a n all-zero s inpu t  pattern .  Thi s give s a  com -

m on startin g poin t  fo r  al l  problems .  Th e networ k 

i s tr£une d t o activat e th e "don' t  know "  uni t  fo r  a n 

all-zero s input .  Figur e 3  i s a  tim e plo t  o f  outpu t  ac -

tivatio n usin g th e csiscad e equations . 

Simulation s 

Metho d 

On eac h tria l  (presentatio n o f  a  problem )  th e net -

wor k randoml y select s a  threshol d betwee n 0. 4 an d 

0.9 .  Processin g the n start s fro m th e all-zero s ("don' t 

know" )  state ,  an d proceed s unti l  a  produc t  uni t  ex -

ceed s th e threshold .  Th e R T (numbe r  o f  cascad e 

steps )  i s  recorde d fo r  a  correc t  response ,  an d erro -

neou s response s ar e classifie d int o th e fiv e categorie s 

itemize d above .  Th e networ k i s presente d wit h eac h 

of  th e 6 4 problem s 5 0 times ,  an d th e mea n correc t 

R T i s  recorded .  Thi s i s  repeate d wit h 2 0 differen t 

network s (differen t  initia l  rando m weights) . 

Give n enoug h tim e (usuall y n o mor e tha n 5 0 cas -

cad e steps) ,  th e networ k wil l  produc e th e correc t  re -

spons e fo r  al l  6 4 problems .  Fo r  example ,  figure  3 

shows th e respons e o f  a  networ k t o th e proble m 3 x 8 . 
Afte r  th e "don' t  know '  uni t  ha s decayed ,  th e uni t 

representin g 2 7 become s activ e unti l  th e networ k set -

tle s int o th e correc t  state ,  24 .  Thi s i s a  demonstratio n 

of  th e operan d distanc e effect ,  bu t  ther e i s sligh t  ac -

tivatio n o f  othe r  products :  3 x 7 =  21 ,  2 x 8 =  16 , 

4 X  8  =  32 ,  3  X  3  =  9 ,  an d 2  X  7  =  14 . 

Wi t h a  hig h threshol d th e network s wil l  reliabl y 

produc e th e correc t  respons e t o a  problem .  How -

ever ,  earl y i n processin g erroneou s product s ar e ac -

tiv e (e.g. ,  2 7 i n figur e 3) ,  an d wit h a  lo w threshol d 

thes e error s ar e reported .  Not e tha t  thi s i s  rathe r 

differen t  t o previou s connectionis t  (Brain-state-in-a -

box ,  B S B )  mode l  o f  menta l  arithmeti c [Viscus o 1989 ; 

Anderson ,  Spoehr .  &  Bennet t  1991] .  Th e ful l  detail s 

of  th e B S B mode l  hav e no t  ye t  bee n published ,  an d 

onl y smal l  scal e simulation s hav e bee n performed . 

I n essence ,  th e mode l  i s a n auto-associato r  tha t  set -

tle s int o attracto r  state s representin g th e answe r  t o 

th e presente d problem .  However ,  thi s mean s tha t 

th e model ,  a s presented ,  simpl y lack s th e abilit y t o 

correctl y answe r  som e problems ,  o r  fail s t o respon d 

at  all .  Thi s run s agains t  th e notio n tha t  slip s ar e 

one-of f  run-tim e errors ,  rathe r  tha n permanen t  dis -

abilities .  McCloske y e t  al .  [1991 ]  commen t  tha t  th e 

Viscuso ,  Anderson ,  &  Spoeh r  [1989 ]  "proposa l  ha s 

severa l  limitation s an d canno t  b e considere d a  well -

articulate d model" ,  bu t  ad d tha t  "th e [neura l  net ]  ap -

proac h probabl y merit s furthe r  exploration "  [p .  395] . 

"Don' t  know "  uni t  Product o 

Hidde n unit e 

o o o o o o o o o o 

Ti e fla g 

O © © © © [ ! ] © © © @ ® © ® ® © ®® 
Rrs t  digi t  Secon d digi t 

Figur e 2 

R e s u l t s 

The mean RTs plotted in figure 1 show some of 

th e basi c feature s o f  th e proble m siz e effect .  Fo r 

th e skewe d network s th e R T correlate s r  =  0.3 6 

( p =  0.0018 )  wit h adul t  R T [Campbel l  &  Graha m 

1985] .  Thi s fall s t o r  =  0.1 9 ( p =  0.063 )  afte r  sub -

stantia l  trainin g o n th e equalize d patterns .  Not e tha t 

th e RT s hav e reduce d an d flattened  ou t  fo r  th e equal -

ize d network ,  whic h i s jus t  wha t  i s  expecte d afte r  con -

tinue d practic e [Campbel l  &  Graha m 1985 .  p .  349] . 

Th e obviou s featur e o f  th e R T plo t  i s th e dro p i n R T 

fo r  th e nin e time s table .  Childre n i n grauie s 3  t o 5 

respon d faste r  t o 9 x tha n 8 x problem s [Campbel l  k 

Graha m 1985] ,  bu t  thi s level s ou t  fo r  adults . 

Th e inclusio n o f  a  tie s uni t  i s  necesssir y t o en -

sur e tha t  tie s ar e amon g th e fastes t  problems .  Im -

plici t  i n thi s i s  a n assumptio n tha t  ther e i s  some -

thin g perceptua l  abou t  tie s whic h result s i n a  flagged 

encoding—perhap s th e effec t  o f  bein g taugh t  th e no -

tio n o f  "same "  an d "different" .  Th e R T s o f  6  (ou t 

of  8 )  o f  th e ti e problem s wer e belo w th e mea n R T 

fo r  thei r  table ,  increasin g t o 7  tie s fo r  th e equalize d 

network s ( 6 x 6 remainin g abov e th e mea n fo r  th e si x 

time s table) . 

Tabl e 1  show s th e erro r  percentage s o f  th e net -
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Network s 

Skewed 

90.0 4 

78.9 8 

27.7 6 

9.7 4 

3.9 8 

14.1 0 

Equalize d 

86.5 1 

73.7 5 

23.6 8 

13.4 9 

3.2 2 

18.6 4 

Adult s 

79. 1 

76.8 ' 

30. 6 

13. 5 

1.7 * 

7.6 5 

Operan d error s 

Close operand errors 

Frequent product erifers 

Table errors 

Operation error 

Error frequency 

« Approximate percentage. 

fPercentage of operand errors. 

Table 1: Percentage breakdown of errors. Figures are mean values from twenty different networks, and 

mean values from sixty adult subjects [Campbell & Graham 1985, app. A]. Note that the model has not 

been trained on addition facts, so the frequency of operation errors is coincidental. 
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F igur e 3 :  Respons e o f  th e outpu t  unit s ove r  4 0 tim e 

steps for the problem 3x8. Output units represent-

ing products over 32 are not shown on this graph. 

work s compare d t o thos e o f  adults .  Bot h set s o f  net -

works have error distributions that are similar to that 

of adults, and there is little difference between the 

skewed and equalized networks. 

It should be noted that human subjects sometimes 

respond with a number that is not a correct prod-

uct for any of the problems 2x2 to 9x9 (e.g., 

2x3 = 5). The current network cannot produce non-

table errors. However, Campbell & Graham [1985] re-

port that only 7.4 per cent of errors are of this kind. 

(An account of non-table errors might begin by aug-
menting the network with a tens and units read-out 

layer.) 

A further point of interest is the correlation be-
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Figur e 4 :  Hidde n uni t  activatio n fo r  on e network . 

Each large rectangle represents one hidden unit. 

Withii; '^ach rectangle, the size of the smaller rect-

angles represents the activation of the hidden unit to 

a particular problem. Each large square mimics the 

multiplication table (top-left for 2x2, and bottom-

right for 9x9). For example, unit 22 responds to 

problems in the three and four times tables. 
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twee n proble m erro r  rat e an d correc t  R T .  Campbel l 

[1987 ,  p .  110 ]  report s a  correlatio n o f  0 9 3 fo r  adults . 

For  th e skewe d an d equalize d network s r  =  0.7 4 an d 

r  =  0.7 6 respectively .  I t  i s  no t  obviou s tha t  an y 

model  woul d necessaril y  predic t  tha t  slowe r  problem s 

produc e mor e errors . 

A n a l y s i s 

RT depends on the net input to a unit, and this can 

be increase d b y havin g som e larg e (o r  man y small ) 

weights .  Althoug h ther e i s n o eas y wa y t o determin e 

why certai n weight s develop ,  som e o f  th e factor s in -

volve d ca n b e described . 

T h e presentatio n frequenc y o f  a  proble m an d prod -

uct  shoul d hav e a  stron g effec t  o n th e weights : 

thos e problem s see n mor e ofte n shoul d develo p large r 

weights .  Simulation s wit h network s traine d onl y 

on pattern s wit h equa l  presentatio n frequencie s hav e 

demonstrate d tha t  th e frequenc y o f  presentatio n i s 

important .  Typicall y thes e network s produc e high -

frequenc y product s a s errors ,  an d hav e poo r  correla -

tion s t o h u m a n R T . 

Frequenc y doe s no t  explai n wh y th e fiv e time s tabl e 

shoul d b e faste r  tha n th e fou r  time s table .  "Produc t 

uniqueness "  m a y explai n why :  non e o f  th e product s 

i n th e five  time s tabl e occu r  outsid e th e contex t  o f 

five  (unlik e th e tw o time s table ,  wher e th e product s 

12.  1 6 an d 1 8 occu r  i n othe r  tables) .  Hence ,  th e erro r 

signal s fo r  th e fives  product s ar e no t  dilute d throug h 

differin g hidde n representatio n fo r  differen t  problems . 

Th e sam e i s tru e o f  th e seve n time s table ,  bu t  fo r  a 

lowe r  presentatio n frequency . 

Th e nin e time s tabl e ha s th e larges t  range  o f  al l  th e 

tables .  Thi s seem s t o giv e th e tabl e a  R T advantag e 

becaus e m a n y hidde n unit s respon d t o th e nin e time s 

table :  th e nin e time s tabl e i s th e thir d "mos t  en -

coded "  proble m (typicall y five  hidde n unit s respon d 

t o th e nin e time s table ;  seve n fo r  th e tw o time s tables ; 

si x t o th e thre e times) .  Thi s i s becaus e th e hidde n 

unit s respon d t o a  range  o f  inpu t  problems .  Fo r  ex -

ample ,  figure  4  show s tha t  uni t  2 6 respond s t o smal l 

products ;  uni t  2 3 t o med iu m products ;  an d uni t  2 4 

respond s t o large r  products . 

Th e hidde n units '  preferenc e fo r  respondin g t o 

band s o f  input s explain s th e mechanis m behin d th e 

operan d distanc e effect .  Hidde n units '  activitie s 

chang e smoothl y durin g th e cours e o f  processing ,  bu t 

at  differin g rates .  Thi s chang e affect s group s o f  re -

late d products ,  an d du e t o th e overla p i n encodin g 

(e.g. ,  betwee n uni t  2 3 an d 2 4 i n figure  3) ,  som e hidde n 

unit s m a y forc e incorrec t  product s t o excee d thresh -

old . 

Discussio n 

Apart from the training frequency skew, the other 

mai n assumptio n o f  th e mode l  i s th e coars e codin g o f 

th e inpu t  pattern .  Th e importanc e o f  thi s assumptio n 

has bee n demonstrate d b y simulation s usin g a  one-of -

N inpu t  encodin g (th e sam e encodin g tha t  wa a use d 

fo r  th e outputs) .  Th e result s o f  thos e simulation s 

produce d comparabl e R T correlations ,  bu t  poo r  er -

ro r  distributions .  Th e assumptio n i s tha t  th e coars e 

encodin g i s du e t o genera l  knowledg e o f  numbe r  (per -

hap s fro m counting) . 

Thi s stud y ha s focuse d o n mea n adul t  performanc e 

on th e problem s 2  x  2  t o 9  x  9  becaus e thes e prob -

lem s hav e detaile d publishe d results .  Ther e ar e per -

sisten t  statement s i n th e literatur e tha t  zer o an d on e 

time s table s ar e governe d b y procedura l  rule s (e.g. , 

Campbel l  k  Graha m [1985 ,  p .  341] ;  Miller ,  Permut -

ter ,  k  Keatin g [1984 ,  p .  51] ;  Stazyk ,  Ashcraft ,  k 

H a m a nn [1982 ,  p .  334]) .  Th e motivatio n fo r  thi s 

seems t o ste m fro m th e fac t  tha t  i t  i s  eas y t o produc e 

answer s fo r  th e zer o an d on e tables .  Initia l  experi -

ment s wit h th e architectur e confir m wha t  i s expecte d 

of  backpropagatio n whe n th e zer o an d on e time s ta -

ble s ar e include d i n th e trainin g set .  Th e zer o tabl e 

i s b y fa r  th e fastes t  an d leas t  pron e t o error ,  followe d 

by th e on e time s table .  Thi s i s consisten t  wit h RT s 

reporte d b y Mille r  e t  al .  [1984] .  O n thi s basi s ther e 

i s n o reaso n t o assum e tha t  ther e i s a  separat e mech -

anis m fo r  th e zer o an d on e tables . 

S o me o f  th e assumption s pose d b y othe r  model s 

may b e accounte d fo r  b y difference s i n methodol -

ogy .  Fo r  example ,  i n model s tha t  assum e direc t  link s 

(n o hidde n units )  betwee n stimulu s digit s an d targe t 

product s ther e mus t  b e additiona l  informatio n fo r  th e 

model  t o b e capabl e o f  producin g th e correc t  answer . 

Ther e mus t  b e either :  differen t  (token )  answe r  node s 

fo r  eac h proble m (e.g. ,  multipl e copie s o f  th e "12 " 

nod e fo r  2  X  6  an d 3  x  4  a s use d b y Ashcrof t  [1987]) ; 

or  inpu t  node s representin g whol e problem s (e.g .  a 

" 3 X  4 "  inpu t  nod e a s i n Campbel l  k  G r a h a m [1985]) ; 

or  bot h [Siegle r  1988] . 

However ,  othe r  assumption s wer e no t  foun d t o b e 

neede d i n thi s model .  Fo r  example ,  ther e wa s n o nee d 

fo r  explicitl y  learnin g incorrec t  associations ,  a s sug -

geste d b y bot h Siegle r  [1988 ]  an d Campbel l  k  Gra -

h a m [1985] .  No r  wa s ther e nee d fo r  connection s be -

twee n produc t  unit s (Campbel l  k  G raha m [1985 ]  an d 

Ashcrof t  [1987]) ,  no r  connection s fro m genera l  "mag -

nitude "  unit s a s use d b y Campbel l  k  G raha m [1985] . 

Thes e model s hav e bee n criticise d b y McCloske y e t  al . 

[1991 ]  fo r  no t  specifyin g th e rational e fo r  thes e addi -

tiona l  connections . 

Of  course ,  ther e ar e a  numbe r  o f  shortcomings  t o 
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th e mode l  presente d here .  Ther e i s n o empirica l  ev -

idenc e t o sugges t  tha t  adult s ar e expose d t o a  ske w 

i n th e frequenc y o f  multiplicatio n problems ,  an d thi s 

was modelle d b y furthe r  trainin g th e skewe d network s 

on equa l  frequenc y problems .  Althoug h th e RT s fo r 

th e equalize d network s diverg e fro m th e adul t  RTs , 

the y retai n th e basi c feature s o f  th e proble m siz e ef -

fec t  an d erro r  distributions .  On e conclusio n tha t  ca n 

be draw n fro m thi s i s tha t  i t  i s  quit e possibl e fo r  th e 

effec t  o f  trainin g o n skewe d problem s t o contmu e t o 

be fel t  eve n afte r  a  significan t  perio d o f  trainin g o n 

non-skewe d problems . 

As i t  stand s th e mode l  make s n o attemp t  t o ac -

coun t  fo r  a  numbe r  o f  importan t  aspect s o f  arith -

metic .  Futur e direction s fo r  thi s wor k coul d focu s 

on:  modellin g singl e digi t  addition ;  th e rol e o f  back -

up (counting )  procedures ;  erro r  priming ;  an d th e 

model' s positio n i n lon g (multi-digit )  arithmeti c pro -

cedures . 

The backpropagatio n cascad e mode l  presente d her e 

has detaile d th e sprea d o f  activation ,  respons e se -

lection ,  trainin g regim e an d minima l  assumption s 
neede d t o replicat e result s o n adul t  performance . 

Thi s ha s bee n don e i n th e contex t  o f  attemptin g t o 

mimi c th e experiment s performe d b y Campbel l  k 

Graha m [1985] ,  an d henc e th e result s ar e o f  a  statis -

tica l  nature .  Th e explicitnes s o f  th e mode l  i s on e o f 

it s stron g points ,  an d a s McCloske y e t  al .  [1991 ]  poin t 

out  i t  i s  no w tim e t o "shif t  fro m a  demonstratio n o f 

th e framework' s basi c meri t  t o th e hammerin g ou t  o f 

detailed ,  full y  elaborate d models "  [p .  394] .  Thi s ha s 

been a n attemp t  t o d o jus t  that . 
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