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T h e Influenc e o f  Semanti c Magn i tud e Representation s o n Arithmetic : 

Theory ,  Data ,  an d Simulation . 

Joh n Whale n 
(johnw@psych.ucla.edu ) 
UCLA Psycholog y Departmen t 

Los Angeles ,  C A 90095-156 3 US A 

Abstrac t 

Arithmetic research reveals longer RTs for large problems 
(6x8 )  tha n smal l  problem s (2x3) .  Whil e severa l  factor s 
hav e bee n implicated ,  the y canno t  b e dissociate d i n norma l 
arithmetic .  Subject s wer e traine d o n a n artificia l  operatio n 
designe d t o independentl y manipulat e thes e variables . 
Result s sugges t  tha t  semanti c operan d representation s an d 
presentatio n frequenc y ar e involved .  A  ne w theor y o f 
arithmeti c fac t  retrieva l  i s  introduce d whic h suggest s tha t 
arithmeti c fact s ar e store d an d retrieve d usin g a  magnitud e 
representatio n o f  th e proble m operands .  Simulation s 
sugges t  th e theor y i s  abl e t o accoun t  fo r  th e majo r 
arithmeti c fac t  retrieva l  phenomena . 

Introduction 

Arithmeti c fac t  retrieva l  i s  on e o f  th e mos t  importan t 
skill s  underlyin g ou r  abilit y  t o manipulat e numbers .  T w o 
centra l  findings  hav e dominate d th e literatur e an d appea r  ke y 
t o ou r  understandin g o f  th e cognitiv e processe s whic h 
underli e th e abilit y  t o retriev e simpl e arithmeti c fact s (e.g. , 
6 X  7  =  42 )  fro m memory . 

Problem Size Effect 

Perhap s th e mos t  pervasiv e finding  fro m simpl e arithmeti c 
researc h tha t  i s response s t o large r  problem s suc h a s 9  x  8 
ar e o n average ,  slowe r  an d mor e erro r  pron e tha n response s 
t o smalle r  problem s suc h a s 2  x 3  (se e Figur e 1 ,  Campbell , 
1985) .  Thi s proble m siz e effec t  ha s bee n robustl y reporte d 
i n studie s o f  bot h additio n (Ashcraf t  &  Battaglia ,  1978) ,  an d 
multiplicatio n (Campbell .  1985 ;  Harley ,  1990 ;  Miller , 
Perlmutter ,  &  Keating ,  1984) ,  an d ha s bee n reporte d acros s 
culture s (Geary ,  1996) . 

Severa l  possibl e source s o f  th e proble m siz e effec t  hav e 
bee n proposed ,  includin g th e siz e o f  th e operand s (Galliste l 
& Gelman ,  1992) ,  th e frequenc y o f  proble m presentatio n 
(Ashcraft ,  1982) ,  th e frequenc y wit h whic h non-retrieva l 
strategie s ar e use d (e.g. ,  successiv e addition ;  Lefevre , 
Sadesky ,  &  Bisanz ,  1995 ;  Siegle r  &  Shrager ,  1984) ,  an d th e 
orde r  i n whic h th e problem s wer e acquire d (Campbel l  & 
Clark ,  1992) .  N o n e o f  thes e theoretica l  position s hav e bee n 
widel y accepted ,  i n par t  becaus e eac h o f  thes e factor s ar e 
highl y intercorrelate d i n norma l  arithmeti c an d littl e 
independen t  evidenc e supportin g thes e position s ha s bee n 
acquire d (se e Ashcraft ,  1992) . 
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Figur e 1 :  Simpl e arithmeti c reactio n time s groupe d b y 
proble m famil y (e.g. ,  2xN/Nx2 ,  etc. ) 

Error Types 

Th e mos t  c o m m o n erro r  tha t  subject s mak e whe n producin g 
answer s t o simpl e arithmeti c problem s i s t o produc e th e 
correc t  answe r  fo r  anothe r  proble m whic h share s on e operan d 
wit h th e presente d problem .  Fo r  example ,  i f  th e proble m 7 
x 6  wa s presented ,  a  typica l  erro r  migh t  b e t o produc e th e 
answe r  "fort y eight" .  Report s indicat e tha t  operan d error s 
accoun t  fo r  approximatel y 75 -80 % of  al l  error s i n productio n 
task s (Campbell ,  1985 ;  Harley ,  1990) . 

An interestin g characteristi c o f  operan d error s i s tha t  th e 
erroneou s response s ar e usuall y correc t  fo r  a  proble m tha t 
share s on e operan d wit h th e presente d proble m an d i s als o 
clos e i n magnitud e wit h respec t  t o th e othe r  operan d 
(McCloskey ,  Harley ,  &  Sokol ,  1991) .  Fo r  example ,  i t  i s 
mor e likel y tha t  "fort y eight "  woul d b e a n erro r  fo r  th e 
proble m 7 x 6 tha n "twelve" .  Mos t  error s hav e bee n foun d 
t o hav e a n operan d distanc e o f  tw o o r  less ;  a s operan d 
distanc e increases ,  th e frequenc y o f  operan d error s 
systematicall y decreases .  Mos t  theorie s hav e suggeste d tha t 
error s ar e du e t o confusion s durin g retrieva l  fro m a  networ k 
of  store d fact s (Ashcraft ,  1992 ;  Campbell ,  1995) ,  o r  t o 
error s mad e whe n acquirin g th e fact s an d usin g strategie s t o 
solv e problem s suc h a s repeate d addition s (Lefevr e e t  al. , 
1995 ;  Siegler ,  1988) . 

Unfortunately ,  ther e ha s bee n littl e progres s i n 
disambiguatin g th e variou s possibl e source s o f  th e proble m 
siz e effec t  an d erro r  rate s becaus e curren t  theoretica l 
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position s mak e ver y simila r  predictions .  Fo r  example ,  i n 
compariso n t o large r  problems ,  smal l  problem s (e.g. ,  2 x 3 ) 
ar e likel y t o b e taugh t  first,  retrieve d mor e often ,  an d solve d 
usin g strategie s mor e accurately . 

To overcom e difficultie s associate d wit h studyin g norma l 
arithmetic ,  subject s wer e traine d o n a n artificia l  arithmeti c 
operatio n designe d t o independentl y manipulat e th e variou s 
potentia l  source s o f  th e proble m siz e effect .  Whil e previou s 
artificia l  arithmeti c studie s hav e bee n performed ,  non e hav e 
traine d subject s o n a  ful l  tabl e o f  problem s u p t o a  leve l  o f 
performanc e comparabl e t o norma l  arithmeti c (e.g. ,  Graha m 
& Campbell ,  1992 ;  Zbrodoff ,  1995) . 

Diamond Arithmetic 

Procedure 

Sixty-fou r  problem s wer e constructe d usin g th e operand s 2 
throug h 9 ,  th e operation s symbo l  "0 "  an d answer s fro m 2 3 
t o 98 .  Operan d siz e an d answe r  siz e wer e uncorrelated , 
allowin g th e effect s o f  operan d siz e an d answe r  siz e t o b e 
studie d independently .  Further ,  operand s an d answer s wer e 
not  systematicall y relate d (e.g .  2 0 3 =  97 ;  2 0 4 =  43) ,  s o 
problem s coul d onl y b e solve d b y retrievin g th e appropriat e 
fac t  fro m memor y (non-retrieva l  strategie s suc h countin g u p 
coul d no t  b e used) .  Subject s wer e traine d ove r  severa l 
session s (12-20 )  unti l  thei r  respons e accuracie s an d latencie s 
approximate d norma l  arithmeti c performanc e (100 % correct ; 
averag e RT s unde r  1100ms) .  Durin g training ,  subject s wer e 
presente d al l  problem s equall y frequently . 

I n summary ,  fo r  Diamon d Arithmeti c operan d siz e an d 
answer  siz e wer e independentl y manipulated ,  an d othe r 
variable s suc h a s frequency ,  orde r  o f  acquisition ,  an d non -
retrieva l  strategie s wer e controlled . 

Results 

Reaction Time Final test results reveal that responses 
wer e faste r  fo r  problem s wit h smalle r  operand s ( 2 0 3 =  47 ) 
tha n thos e wit h large r  operand s ( 9 0 5 =  37 ;  se e Figur e 1) . 
However ,  n o effec t  o f  answe r  siz e wa s found ,  implyin g tha t 
fac t  retrieva l  i s  largel y operan d driven . 

Errors Error types and rates during training were quite 
simila r  t o thos e foun d i n norma l  arithmetic .  A  majorit y o f 
enror s (74% )  wer e foun d t o b e operan d error s eve n whe n th e 
answer s t o th e problem s wer e quit e differen t  (e.g. ,  stimulus : 
6 0  4 ;  response :  98 ;  wher e 6 0 4 =  3 1 an d 6 0 5 =  98) .  A s 
i n norma l  multiplication ,  a  operan d siz e effec t  wa s als o 
found .  Th e likelihoo d o f  a n operan d erro r  varie d relativ e t o 
th e differenc e betwee n proble m operands .  Fo r  example , 
when presente d wit h th e proble m 6  0  4 ,  subject s wer e mor e 
likel y t o produc e th e answe r  correspondin g t o th e proble m 6 
0 5  tha n 6  0  9 . 

Discussion 

The result s fro m th e Diamon d Arithmeti c experimen t 
sugges t  tha t  th e proble m siz e effec t  i s  relate d t o th e 
magnitud e o f  th e operand s (Galliste l  &  Gelman ,  1992) ,  an d 

i s no t  relate d t o th e magnitud e o f  th e answe r  (Campbell , 
1994) . 

Ther e ar e severa l  implication s o f  th e Diamon d Arithmeti c 
Experimen t  fo r  theorie s o f  arithmeti c fac t  retrieval .  First ,  i t 
appear s tha t  non-retrieva l  strategie s (suc h a s multipl e 
additions )  ar e no t  require d t o elici t  a  proble m siz e effect ,  o r 
standar d erro r  types .  Despit e th e absenc e o f  typica l  non -
retrieva l  strategie s (e.g. ,  multipl e additions) ,  a  proble m siz e 
effec t  an d typica l  erro r  patter n wer e found ,  suggestin g tha t 
thes e characteristic s o f  norma l  arithmeti c m a y no t  b e 
attribute d t o non-retrieva l  strateg y us e (e.g. ,  Siegle r  & 
Shrager ,  1984) . 

Ther e wa s a  proble m siz e effec t  i n Diamon d Arithmeti c 
(eve n whe n al l  problem s wer e presente d wit h equa l 
frequency) ,  suggestin g tha t  th e frequenc y o f  proble m 
presentatio n i s no t  th e primar y sourc e o f  th e proble m siz e 
effect ,  a s wa s suggeste d b y Ashcraf t  (1992) .  Further ,  i t  als o 
appear s tha t  th e magnitud e o f  th e answe r  i s no t  provid e a 
significan t  contributio n t o reactio n tim e latencies ,  o r  erro r 
rates ,  a s wa s suggeste d b y Campbel l  (1995) . 

I n summary ,  mos t  majo r  theorie s o f  arithmeti c fac t 
retrieva l  hav e difficult y accountin g fo r  th e findings  o f  th e 
Diamon d Arithmeti c experiment .  However ,  i t  doe s appea r 
tha t  aspect s o f  th e variou s theorie s ar e importan t 
component s whic h ca n b e integrate d t o provid e a  ne w theor y 
of  arithmeti c fac t  retrieval .  Fo r  example ,  th e notio n tha t 
arithmeti c fact s ar e retrieve d usin g a  representatio n o f  th e 
magnitud e o f  th e operand s (Galliste l  &  Gelman ,  1992 )  i s 
quit e consisten t  wit h th e findings  fro m th e Diamon d 
Arithmeti c study .  Further ,  th e notio n tha t  arithmeti c fact s 
(Ashcraft ,  1992 ;  Campbell ,  1994 )  ar e retrieve d fro m a 
networ k o f  store d fact s correspond s wel l  wit h th e reporte d 
erro r  pattern ,  i n whic h mos t  answer s wer e error s t o othe r 
problem s whic h ha d operand s whic h wer e clos e i n magnitud e 
t o th e correc t  operands .  Du e t o th e limitation s o f  curren t 
theorie s o f  arithmeti c fac t  retrieval ,  a  nove l  theor y i s 
introduced . 

The Semantic Network Retrieval Theory 

The semanti c networ k retrieva l  theor y ca n b e considere d a n 
amalgamatio n o f  thre e curren t  theoretica l  position s o n 
arithmeti c fac t  retrieval ,  adoptin g th e positio n tha t 
arithmeti c fact s ar e retrieve d fro m a  networ k o f  relate d fact s 
(Ashcraft ,  1992 ;  Campbell ,  1985) ,  an d th e positio n tha t 
arithmeti c fact s ar e store d an d retrieve d i n a  semanti c for m 
(McCloskey ,  1992 )  i n whic h numeral s ar e represente d i n 
term s o f  thei r  magnitud e (Galliste l  &  Gelman ,  1992) . 

Basic Structure of the Semantic Network Retrieval 
Theor y 

The semanti c networ k retrieva l  theor y ( S N R T )  assume s 
tha t  arithmeti c fact s ar e retrieve d fro m a n associativ e 
networ k o f  fact s usin g a  semanti c representatio n o f  th e 
problem .  Th e fac t  retrieva l  syste m i s compose d o f  thre e 
group s o f  node s representing :  th e curren t  arithmeti c 
problem ,  th e store d arithmeti c facts ,  an d th e answe r  output . 
Th e proble m inpu t  include s a  representatio n o f  th e 
magnitud e o f  th e first  operand ,  th e magnitud e o f  th e secon d 
operand ,  an d th e arithmeti c operatio n (no t  presente d i n 
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Figur e 2) .  Th e answe r  outpu t  node s represen t  th e magnitud e 
of  th e ten s componen t  o f  th e answer ,  an d th e magnitud e o f 
th e one s componen t  o f  th e answer .  Separat e ten s an d one s 
representation s ar e postulate d du e t o finding s fro m erro r 
primin g (Campbell ,  1996 )  an d acquire d dyscalculi a 
(McCloskeyetal. .  1991 ) 
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Figur e 2 :  Semanti c Networ k Reu-icva l  Theor y 

Each arithmetic fact is represented by an individual 
proble m nod e whic h ha s excitator y connection s wit h it s 
proble m representatio n (e.g. ,  th e representatio n o f  3  x  4 )  an d 
it s correspondin g answe r  (tens:l ;  ones:2) .  Proble m node s 
als o hav e inhibitor y connection s t o proble m an d answe r 
node s whic h ar e no t  involve d i n representin g it s answe r 
(e.g. ,  th e 3  X  4  proble m nod e ha s inhibitor y connection s t o 
ten s node s whic h ar e no t  involve d i n representin g ten) . 
Connection s betwee n proble m node s an d answe r  node s ar e 
bidirectional ,  allowin g th e activatio n o f  th e answe r  t o 
influenc e th e activatio n o f  individua l  proble m nodes . 
However ,  th e connection s betwee n th e presente d proble m 
and th e proble m node s ar e unidirectional :  th e presente d 
proble m representation s remai n fixe d throug h th e fac t 
retrieva l  process .  I t  i s  assume d tha t  proble m node s ar e als o 
connecte d t o othe r  proble m node s i n a n inhibitor y manner . 

Simulation Framework The basic components of the 
semanti c networ k simulatio n includ e 3  group s o f  nodes : 
50 0 inpu t  node s representin g th e presente d problem ,  6 4 
proble m node s representin g th e store d multiplicatio n 
problems ,  an d 50 0 outpu t  node s use d t o represen t  th e 
answer s t o a  problem . 

The 50 0 inpu t  node s ar e divide d int o tw o equa l  groups : 
thos e tha t  represen t  th e magnitud e o f  th e firs t  operand ,  an d 
thos e representin g th e magnitud e o f  th e secon d operand . 
Onl y on e arithmeti c operatio n wa s simulate d an d therefor e 
no arithmeti c operatio n unit s wer e include d i n th e 
simulation .  Th e 50 0 outpu t  unit s als o ar e divide d int o tw o 
equa l  group s o f  25 0 nodes .  Th e firs t  grou p o f  node s 
represen t  th e magnitud e o f  th e ten s componen t  o f  th e 
answer ,  an d th e secon d grou p represen t  th e magnitud e o f 
one s componen t  o f  th e answer . 

Each proble m nod e represent s a  uniqu e arithmeti c fac t  b y 
th e natur e o f  it s  connectio n weight s wit h th e operan d an d 

answe r  nodes .  Proble m node s hav e positiv e connection s t o 
operan d node s whic h compos e th e representatio n o f  it s 
operands .  Fo r  example ,  th e 8  x  5  proble m nod e ha s positiv e 
connection s t o th e node s i n th e firs t  operan d representatio n 
whic h represen t  8 ,  an d t o th e node s i n th e secon d operan d 
whic h represen t  5 .  Al l  remainin g operan d node s hav e 
negativ e connection s wit h th e 8  x  5  proble m node . 

Proble m node s ar e als o connecte d t o answe r  units .  Eac h 
proble m nod e ha s positiv e connection s t o answe r  node s 
whic h correspon d t o it s answer .  Fo r  example ,  th e 4  x  6 
proble m nod e ha s positiv e connection s t o al l  o f  th e unit s i n 
th e ten s answe r  representatio n whic h correspon d t o th e 
magnitud e 2 ,  an d t o al l  o f  th e unit s i n th e one s answe r 
representatio n whic h correspon d t o th e magnitud e 4 .  Al l 
remainin g answe r  node s whic h ar e no t  involve d i n 
representin g tha t  proble m node' s answe r  hav e negativ e 
connection s wit h th e proble m node .  Thes e connection s ar e 
bidirectional :  answe r  unit s receiv e activatio n fro m th e 
proble m units ,  an d th e proble m unit s receiv e activatio n fro m 
th e answe r  units .  Th e weight s betwee n proble m an d answe r 
node s ar e weake r  tha n thos e betwee n operan d an d proble m 
nodes .  Thi s differenc e allow s operan d activatio n t o b e th e 
primar y influenc e o n proble m nod e activation . 

Representations of Magnitude 

I n orde r  t o introduc e th e manne r  i n whic h numerica l 
magnitud e i s represented ,  evidenc e fro m relate d arithmeti c 
task s i s introduce d whic h provide s insigh t  int o th e natur e o f 
th e underlyin g magnitud e representations . 

Evidenc e fro m magnitud e compariso n judgment s sugges t 
tha t  numerositie s (e.g. ,  4 ,  9 )  ar e no t  represente d onl y a s 
distinc t  lexical-semanti c entities ,  bu t  ar e als o represente d i n 
an analo g fashio n alon g a  'menta l  numbe r  line '  (Mee k & 
Church ,  1983 ;  Moye r  &  Landauer ,  1967) .  Thi s magnitud e 
representatio n appear s t o pla y a  centra l  rol e i n man y kind s o f 
numerica l  processing .  Fo r  example ,  whe n aske d t o choos e 
th e large r  o f  tw o number s (e.g. ,  2  o r  3) ,  adul t  huma n 
subject s ar e faste r  t o judg e th e large r  o f  ver y differen t 
magnitude s (e.g. ,  2  an d 9 )  tha n wit h mor e simila r 
magnitude s (e.g. ,  4  an d 5) ,  suggestin g tha t  number s whic h 
ar e clos e i n magnitud e hav e mor e simila r  representation s 
tha n thos e wit h dissimila r  magnitudes ,  a s woul d b e th e cas e 
i f  th e representatio n tha t  mediate d th e compariso n wer e 
magnitude s tha t  obeye d Weber' s law . 

I n addition ,  i f  th e differenc e betwee n numeral s i s hel d 
constan t  magnitud e judgment s ar e faste r  fo r  smalle r  pair s 
(e.g. ,  3  an d 4 )  tha n fo r  large r  pair s (e.g. ,  8  an d 9) ,  implyin g 
tha t  i t  i s  mor e difficul t  t o differentiat e betwee n th e 
representation s o f  large r  numerosities .  I t  ha s ofte n bee n 
argue d tha t  thes e result s impl y tha t  number s ar e represente d 
by th e sam e kind s o f  menta l  magnitude s tha t  represent ,  fo r 
example ,  th e duration s o f  intervals ,  an d tha t  th e judgmen t  o f 
whic h numbe r  i s bigge r  i s mentall y equivalen t  t o th e 
judgmen t  o f  whic h o f  tw o interval s i s longer ,  o r  whic h o f 
tw o weight s i s heavier ,  etc .  (e.g. ,  Dehaene ,  Dupoux ,  & 
Mehler ,  1990 ;  Galliste l  &  Gelman ,  1992 ;  Moye r  & 
Landauer ,  1967) . 

Give n th e robus t  finding s fro m non-arithmeti c numerica l 
tasks ,  i t  i s  propose d tha t  arithmeti c fact s ar e store d an d 
retrieve d usin g a  representatio n o f  numerica l  magnitude . 
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Thi s pape r  introduce s on e possibl e insianlialio n o f  a 
magnitud e representation .  However ,  th e fundamenta l  clai m 
presente d her e i s consisten t  wit h th e assumption s o f 
Dehaene an d Gelma n an d Galliste l  tha t  numerica l  magnitud e 
i s represente d suc h tha t  (a )  th e close r  tw o numeral s ar c i n 
term s o f  node s o f  thei r  magnitud e th e mor e simila r  thei r 
representation s are ,  an d (b )  th e distinction s betwee n adjacen t 
magnitud e representation s becom e smalle r  th e large r  th e 
quantit y represented . 

Simulating Numerical Magnitude Figure 4 presents 
th e manne r  i n whic h numerica l  magnitude s wer e instantiate d 
i n th e simulation .  Th e representation s o f  th e numeral s 0 
throug h 9  ar e presented .  Eac h colum n i n Figur e 1 5 
represent s a  uniqu e patter n o f  activatio n fo r  th e sam e 25 0 
nodes .  Eac h nod e ha s a n activatio n valu e o f  0  i f  thi n an d 
unshaded ,  an d .0 1 i f  wid e an d shaded .  Th e tota l  activatio n 
acros s node s fo r  eac h numera l  representatio n sum s t o 1 . 

N u m b er  Represente d 

0 12 3 4 5 6 7 8 9 

o 

50 

100 

150 

200 

25 0 

Figure 4: Simulated representation of numerical magnitude. 
Broa d representation s correspon d t o nod e value s o f  1 ,  al l 

othe r  node s hav e a n activatio n o f  0 . 

As can be seen from Figure 4, numerals with similar 
magnitude s shar e feature s wit h on e another .  Th e close r  th e 
magnitude s o f  th e numerals ,  th e mor e simila r  thei r 
representation s are .  Fo r  example ,  whil e th e representation s 
of  1  an d 6  hav e onl y a  smal l  proportio n node s wit h 
activatio n i n c o m m o n ,  th e representation s o f  1  an d 2  shar e 
most  feature s wit h on e another . 

The representatio n o f  numeral s i n Figur e 4  als o attempt s 
t o captur e th e notio n tha t  large r  numeral s shar e mor e 
feature s wit h on e anothe r  tha n smalle r  numeral s do . 
Difference s betwee n th e representation s o f  th e numeral s 
become smalle r  a s th e magnitud e o f  th e numeral s bein g 
represente d increases .  Fo r  example ,  th e representation s o f  1 
and 2  shar e approximatel y two-third s o f  thei r 
representations ,  wherea s th e representation s o f  8  an d 9  shar e 
almos t  9 0 % o f  thei r  representation s i n c o m m o n . 

Arithmetic Fact Retrieval 

Activatio n i s hypothesize d t o sprea d fro m th e operan d an d 
operatio n node s t o th e proble m nodes ,  an d the n t o answe r 
nodes .  Activatio n spread s bot h t o th e correc t  proble m node , 
and othe r  proble m node s wit h operand s whic h ar e clos e i n 

magnitud e t o th e correc t  operan d nodes .  Fo r  example , 
conside r  h o w activatio n wil l  sprea d throug h th e networ k 
when th e proble m 4  x  6  i s presented .  Proble m node s whic h 
shar e th e firs t  operan d wit h th e presente d proble m (e.g. ,  4  x 
5,  4  x  6 ,  4  x  8 ,  4  +  6 )  wil l  al l  receiv e stron g activatio n 
fro m th e first  operan d representation .  Othe r  proble m node s 
wit h operand s clos e i n magnitud e t o th e first  operan d (e.g. ,  3 
x 6 ,  5  X  7 )  wil l  receiv e partia l  activatio n fro m th e firs t 
operand .  Thos e wit h a  ver y differen t  first  operan d (e.g. ,  9  x 
6 )  wil l  receiv e inhibitio n fro m th e firs t  operan d 
representation .  Thes e difference s ar e al l  dependen t  o n th e 
amount  o f  overla p i n operan d representation s betwee n th e 
presente d problem ,  an d th e operand s o f  eac h proble m node . 

Activatio n wil l  sprea d fro m th e secon d operan d i n a 
simila r  manner .  Thos e proble m node s wit h secon d operand s 
whic h ar e simila r  o r  identica l  t o th e presente d secon d operan d 
(e.g. ,  4  X  6 ,  4  +  6 )  wil l  receiv e stron g activatio n fro m th e 
operan d representation ,  an d thos e wit h a  les s simila r  operan d 
wil l  receiv e les s activatio n (e.g. ,  4  x  5 )  o r  b e inhibite d (e.g. , 
4 x 2 )  dependin g o n th e differenc e betwee n th e presente d 
operan d an d th e proble m node' s operand . 

Activatio n als o spread s fî o m th e operatio n node s (not e th e 
simulatio n doe s no t  currentl y includ e operatio n nodes) . 
Problem s wit h th e correc t  operatio n wil l  receiv e activatio n 
whil e thos e i n othe r  operation s wil l  b e inhibited . 

Severa l  factor s affec t  th e activatio n level s o f  th e proble m 
nodes .  Th e stronges t  singl e facto r  i s th e activatio n fro m th e 
operan d an d operatio n nodes .  Proble m node s wit h operand s 
clos e i n magnitud e t o th e presente d proble m (i n th e correc t 
operation )  wil l  receiv e m u c h mor e activatio n (an d no t 
inhibition )  fro m th e inpu t  representatio n tha n proble m node s 
wit h ver y differen t  operands . 

Th e secon d facto r  i s inter-problem-nod e inhibition . 
Proble m node s mutuall y inhibi t  on e anothe r  s o tha t  a s 
activatio n accumulate s ove r  time ,  on e nod e wil l  generall y 
wi n ou t  an d dominat e answe r  nod e activation . 

Answer  nod e activatio n i s th e thir d influenc e o n proble m 
nodes .  A s th e proble m node s accumulat e activation ,  the y i n 
tur n activat e answe r  representations .  Activate d answe r  node s 
fee d activatio n bac k t o problem s wit h answer s correspondin g 
t o th e answe r  nod e activatio n pattern ,  an d inhibi t  proble m 
node s wit h dissimila r  answers .  Fo r  example ,  i f  th e answe r 
nod e activatio n patter n approximate d 72 ,  al l  proble m node s 
wit h a  answe r  i n th e seventie s (i.e. ,  8 x 9 )  woul d b e 
activate d b y th e ten s representation ,  an d al l  other s woul d 
receiv e les s activation ,  o r  b e inhibite d b y th e ten s 
representatio n (dependin g o n th e differenc e betwee n thei r  ten s 
representation ,  an d th e representatio n o f  seventy) . 
Similarly ,  al l  proble m node s wit h one s digi t  o f  2  woul d b e 
activate d b y th e one s answe r  representation s (e.g. ,  3  x  4 ;  6  x 
7;  8  X  9) ,  an d other s wit h mor e dissimila r  activatio n pattern s 
woul d receiv e les s activation ,  o r  receiv e inhibition . 

Finally ,  i t  i s  als o assume d tha t  ther e i s som e rando m 
nois e i n th e syste m suc h tha t  incorrec t  proble m node s wil l 
sometime s excee d th e activatio n o f  th e correc t  proble m nod e 
activat e th e wron g answe r  fo r  th e presente d problem .  Thi s 
provide s a n opportunit y fo r  error s t o occur . 

Arithmeti c fac t  retrieva l  involve s accumulatio n o f 
activatio n i n th e retrieva l  syste m unti l  th e patter n o f 
activatio n acros s th e ten s an d one s answe r  node s eac h arrive s 
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at  th e activatio n patter n fo r  on e o f  th e te n magnitud e 
rcprcscnialion s (e.g. ,  th e ten s node s adop t  a n activatio n 
patter n representin g thirty ,  an d th e one s node s adop t  a n 
activatio n patter n representin g two) . 

On a  typica l  retrieva l  attempt ,  severa l  problem s node s 
initiall y  becom e active .  Proble m node s wit h operand s 
whic h ar e closes t  i n magnitud e t o th e presente d proble m 
(includin g th e correc t  proble m node )  wil l  accumulat e mor e 
activatio n tha n othe r  nodes ,  creatin g sufficientl y stron g 
inhibitio n t o reduc e th e activatio n o f  othe r  proble m node s t o 
zero .  Ove r  tim e thi s proces s o f  mutua l  inhibitio n typicall y 
result s i n a  singl e winnin g proble m node .  Onc e th e 
winnin g nod e sufficientl y inhibit* ;  othe r  proble m nodes ,  th e 
winnin g nod e wil l  b e th e predominat e influenc e o n th e 
answe r  node s an d wil l  activat e it s answe r  nod e activatio n 
pattern .  W h e n on e proble m nod e i s dominant ,  th e activatio n 
patter n withi n th e answe r  node s wil l  n o longe r  b e a n 
amalgamatio n o f  severa l  answers ,  an d instea d wil l  for m on e 
of  th e te n activatio n patterns ,  allowin g a n answe r  t o b e 
retrieved .  Th e answe r  retrieve d ha s a  separat e ten s an d one s 
magnitud e valu e whic h ca n the n b e converte d int o th e 
appropriat e for m fo r  production . 

Account of Arithmetic Phenomena 

Problem Size Effect The Semantic Network Retrieval 
Theor y account s fo r  th e fac t  tha t  large r  problem s (e.g. ,  7  x 
8)  hav e longe r  R T s tha n smalle r  problem s (e.g. ,  4  x  6 )  b y 
hypothesizin g tha t  large r  problem s hav e mor e inhibitio n 
fro m competin g proble m node s tha n smalle r  problem s do . 
Becaus e large r  operan d representation s ar e mor e simila r  t o 
one anothe r  (e.g. ,  th e representation s o f  8  an d 9  ar e mor e 
simila r  t o on e anothe r  tha n th e representation s o f  3  an d 4) , 
large r  operand s wil l  mor e strongl y activat e numericall y clos e 
proble m nodes .  Fo r  example ,  7 x 8 wil l  activat e it s 
stronges t  competitor s (e.g. ,  7  x  9 ,  8  x  8 )  mor e strongl y tha n 
4 x 6 wil l  activat e it s competitor s (e.g. ,  4  x  7 ,  5  x  6) . 
Becaus e problem s wit h large r  operand s (e.g. ,  7 x 8 )  activat e 
incorrec t  proble m node s (e.g. ,  7 x 9 )  mor e strongl y tha n 
problem s wit h smalle r  operand s (e.g. ,  4 x 6 )  activat e thei r 
competitors ,  th e large r  problem s wil l  receiv e mor e inter -
problem-nod e inhibitio n tha n wil l  problem s wit h smalle r 
operands .  Becaus e bot h problem s wit h smal l  an d larg e 
operand s receiv e th e sam e amoun t  o f  activatio n fro m operan d 
nodes ,  th e correc t  proble m nod e fo r  a  proble m wit h large r 
operand s wil l  tak e longe r  t o accumulat e activatio n tha n 
problem s wit h smalle r  operands . 

Simulat io n Result s O n e w a y o f  measurin g th e 
reactio n time s o f  th e simulatio n i s t o us e th e numbe r  o f 
cycle s th e simulatio n take s t o reac h th e criterio n activatio n 
level .  I f  w e assum e tha t  processin g tim e i n th e simulatio n 
m ay approximat e th e proces s o f  updatin g activatio n level s i n 
th e actua l  system ,  the n th e numbe r  o f  cycle s ca n b e 
considere d analogou s t o th e tim e a  subjec t  migh t  tak e t o 
respond ,  an d th e 'pseud o RTs '  fro m th e simulatio n ma y b e 
compare d t o reactio n lime s fro m norma l  subjects . 
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Figur e 3 :  Iteration s unti l  solutio n fo r  simulatio n o f 
Semanti c Networ k Retrieva l  Theor y 

As ca n b e see n i n Figur e 3 ,  th e simulatio n o f  arithmeti c 
fac t  retrieva l  doc s revea l  a  typica l  proble m siz e effect . 
Problem s wit h large r  operand s ar e slowe r  o n averag e tha n 
problem s wit h smalle r  operands ,  an d th e correlatio n betwee n 
proble m famil y (i.e .  R T s fo r  al l  2' s  problems ,  3' s 
problems... )  an d simulatio n R T i s quit e stron g (R2=.82) . 

Error Effects The Semantic Network Retrieval Theory 
predict s tha t  operan d error s wil l  b e th e mos t  c o m m o n erro r 
typ e becaus e th e mos t  highl y activate d proble m nodes ,  nex t 
t o th e correc t  proble m node ,  ar e thos e whic h shar e a n 
operan d wit h th e correc t  problem .  Fo r  example ,  i f  w e 
conside r  whic h proble m node s ma y b e activate d b y th e 
proble m 4  x  6 ,  i t  i s  predicte d tha t  al l  o f  th e 4  x  N  proble m 
node s wil l  receiv e ful l  activatio n fro m th e firs t  operan d 
representation ,  an d al l  o f  th e N  x  6  proble m node s wil l 
receiv e activatio n fro m th e secon d operan d representation . 
Of  th e 4  X  N  proble m nodes ,  th e 4  x  6  proble m nod e shoul d 
receiv e th e mos t  activatio n fro m th e operan d representations , 
sinc e thi s proble m nod e correspond s t o bot h operand s o f  th e 
presente d problem .  I n addition ,  th e 4  x  5  an d 4 x 7 proble m 
node s wil l  receiv e ful l  activatio n fro m th e 4  operan d 
representation ,  an d partia l  activatio n fro m th e 6  operan d 
representation ,  sinc e som e o f  th e semanti c feature s o f  th e 6 
ar e share d b y bot h th e 5  an d 7 . 

Operand Distance 

<-3 -2 -1 +1 +2 >+3 

S N RT Simulatio n 2 4 6 2 15 1 15 6 6 7 2 6 

Normal 
Multiplicatio n 

30 6 8 18 2 14 3 6 5 2 1 

Tabl e 1 :  Operan d error s separate d accordin g t o operan d 
distance . 

Simulation Results The types and frequencies of 
error s th e simulatio n produce d wer e compare d t o th e error s 
see n i n norma l  arithmetic .  Acros s on e hundre d run s o f  th e 
64 arithmeti c problem s th e simulatio n produce d 57 8 errors , 
fo r  a n overal l  erro r  ral e o f  9% .  A s see n i n Tabl e 1 ,  th e erro r 
pattern s fo r  th e S N R T simulatio n appea r  quit e consisten t 
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wit h th e finding s fro m norma l  arithmetic .  Th e mos t 
common typ e o f  erro r  wa s th e operan d error . 

The simulatio n reveal s a  patter n comparabl e t o th e on e 
foun d i n norma l  arithmetic .  Operan d error s wit h smalle r 
'operan d distances '  wer e foun d t o b e mor e frequen t  tha n thos e 
wit h large r  distances .  I n fact ,  approximatel y 9 0 % o f  th e 
operan d error s ha d operan d distance s whic h wer e les s tha n o r 
equal  t o ±2 .  Thi s i s consisten t  wit h norma l  arithmetic ,  i n 
whic h th e vas t  majorit y o f  operan d error s ar e withi n a n 
operan d distanc e o f  2 . 

Summary 
The result s fro m thi s stud y sugges t  tha t  arithmeti c fact s ar e 
retrieve d fro m a  networ k o f  store d arithmeti c fact s i n whic h 
number s ar e represente d i n term s o f  thei r  magnitudes . 

The Diamon d Arithmeti c experimen t  revea l  tha t 
representation s o f  numerica l  magnitud e pla y a n importan t 
rol e i n arithmeti c fac t  retrieval .  I n contras t  t o severa l 
differen t  theoretica l  positions ,  th e standar d arithmeti c 
phenomena wer e replicate d despit e th e eliminatio n o f 
difference s i n proble m presentatio n frequency ,  answe r  size , 
and non-retrieva l  strategie s (suc h a s multipl e additions) . 

The newl y introduce d Semanti c Networ k Retrieva l  Theor y 
appear s t o adequatel y accoun t  fo r  a  numbe r  o f  arithmeti c 
phenomena.  Th e simulatio n produce d a  proble m siz e effec t 
bot h i n term s o f  solutio n tim e an d erro r  rates .  Th e erro r 
rate s an d type s produce d b y th e S N R T simulatio n als o 
appea r  t o b e generall y consisten t  wit h th e finding s fro m 
normal  multiplication .  Th e simulatio n ha d a n overal l  erro r 
rat e o f  9 % (norma l  speede d erro r  rate s rang e fro m 5-15%) . 
As foun d i n norma l  arithmetic ,  mos t  error s wer e operan d 
errors ,  an d replicate d th e operan d distanc e effec t 
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