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Abstrac t 

The connectionis t  mode l  lA K (Informatio n evaluatio n usin g 
configurations )  fo r  classificatio n learnin g i s presente d here . 
The mode l  ca n b e place d betwee n featur e base d (e.g .  Gluc k 
& Bower ,  1988 )  an d exempla r  base d model s (e.g .  A L C O V E, 
Kruschke ,  1992) .  Specifi c t o thi s mode l  i s  tha t  durin g 
learning ,  set s o f  inpu t  feature s ar e probabilisticall y sampled . 
Thes e set s ar e represented ,  i n a  hidde n layer ,  b y 
configuratio n nodes .  Thes e configuratio n node s ar e 
connecte d t o outpu t  node s tha t  represen t  categor y labels .  A 
furthe r  characteristi c o f  th e lA K mode l  i s  a  mechanis m 
whic h enhance s retrieva l  o f  information .  Simulation s wit h 
th e lA K mode l  ca n explai n differen t  phenomen a o f 
classificatio n learnin g whic h hav e bee n foun d i n 
experimenta l  studies :  A  Typ e 2  advantag e withou t 
dimensiona l  attentio n learnin g observe d b y Shepar d e t  al . 
(1961) ;  a  generalisatio n o f  prototypes ;  a  generalizatio n base d 
on similarit y t o learne d exemplars ;  a  differentia l  forgettin g 
of  prototype s an d exemplars ;  a  moderat e interferenc e (fa n 
effect )  cause d b y stimulu s similarity ;  an d th e missin g o f 
catastrophi c interferenc e eve n i n A-B/A-Brdesigns . 

•  Fo r  optimizin g recall ,  associatio n weight s betwee n 
configuration s an d categor y label s ar e compute d takin g 
al l  currentl y competin g weight s int o account . 

Configuration s o f  feature s ar e als o use d i n th e configural -
cu e mode l  o f  Gluc k an d Bowe r  (1988) .  I n contras t  t o thi s 
model ,  l A K make s us e o f  a  probabilisti c  samplin g proces s 
t o selec t  a  smal l  subse t  o f  configurations ,  thu s avoidin g a 
combinator y explosio n o f  th e numbe r  o f  configurations . 

The Model 

Th e lAK-Mode l  require s thre e layers :  Inpu t  nodes , 
configuratio n node s an d outpu t  nodes .  Inpu t  node s 
represen t  th e feature s o f  th e stimulus .  Thei r  activatio n i s 
eithe r  1  (on )  o r  0  (off) .  Durin g learning ,  inpu t  node s ar e 
connecte d t o configuratio n nodes .  A  configuratio n nod e 
get s a n activatio n o f  1  i f  al l  inpu t  node s tha t  ar e connecte d 
t o th e configuratio n nod e ar e on .  Inpu t  node s an d 
configuratio n node s exhibi t  a n all-or-none-activatio n 
characteristic .  Outpu t  node s represen t  categorie s fo r  th e 
classificatio n tasks .  Thei r  activatio n value s li e betwee n 0 
and 1 . 

I n classificatio n tasks ,  stimul i  ar e give n tha t  belon g t o 
differen t  categor y names .  Subject s hav e t o classif y ol d 
stimul i  tha t  hav e bee n presente d durin g a  prio r  learnin g 
phas e an d ne w stimuli .  Th e classificatio n depend s o n th e 
involve d stimul i  an d th e degre e o f  practice . 

Ther e ar e tw o differen t  way s fo r  connectionis t  modelin g 
of  classificatio n learning .  I n feature-base d model s 
association s betwee n singl e feature s o f  th e stimul i  an d 
feature s o f  categor y name s ar e forme d durin g learnin g (e.g . 
Gluc k &  Bower ,  1988 ;  Este s e t  al .  1989) .  O n th e othe r  side , 
exemplar-base d model s assum e association s betwee n 
representation s o f  th e whol e stimulu s an d th e categor y 
label ,  e.g .  A L C O V E (Kruschke ,  1992 )  o r  th e contex t  mode l 
(Medi n &  Schaffer ,  1978) .  Thes e model s explai n a  lo t  o f 
empirica l  phenomen a o f  categor y learning . 

Th e lAK-Mode l  (lAK :  Informatio n evaluatio n usin g 
configurations )  lie s betwee n feature-base d an d exemplar -
base d models .  Th e lAK-Mode l  exhibit s tw o mai n 
properties : 
•  Association s betwee n smal l  set s o f  stimulu s feature s 

(configurations )  an d categor y label s ar e learned . 

-. ^  0<=4V<» 1 

: : - - m 

Figur e 1 .  Connection s i n th e l A K model .  Th e connectio n 
fro m inpu t  t o configuratio n nod e i s eithe r  existen t  o r 

absent .  Th e connectio n fro m configuratio n t o outpu t  nod e 
has a  weigh t  betwee n 0  an d 1 . 

Retrieval 

A n inpu t  patter n i s activate d an d th e syste m ha s t o selec t  a 
categor y represente d b y a n outpu t  nod e b y mean s o f 
activatio n propagatio n fro m inpu t  node s t o outpu t  nodes .  I n 
classificatio n tasks ,  th e probabilit y fo r  selectio n o f  categor y 
m is : 
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pim )  = 
a m 

h 

(1 ) 

<a,  i s th e activatio n o f  th e i-t h outpu t  nod e correspondin g 
t o th e i-t h category ,  r  i s  th e numbe r  o f  outpu t  nodes . 

Th e outpu t  activation s ar e compute d a s follows :  First , 
configuratio n node s ar e switche d o n i f  ever y connecte d 
inpu t  nod e i s  on .  A  singl e inactiv e connecte d inpu t  nod e 
cause s th e configuratio n nod e t o remai n inactive . 

Second ,  th e activatio n valu e a  i s  compute d fo r  eac h 
outpu t  node : 

" r - t w J' 
i-(i-5r -  (1-5 ) 

\Ssum , 
(2 ) 

1=1 

Wji  i s  th e connectio n weigh t  betwee n th e i-t h 
configuratio n nod e an d th e j-t h outpu t  node ,  j ,  i s  th e 
strengt h o f  th e configuratio n nod e i .  Strengt h value s 
increas e durin g learning .  6  an d i  ar e parameter s o f  th e l A K 
model .  Ssum, i  i s  compute d by : 

Ssum, (3 ) 
keK, . 

K, ,  i s th e se t  o f  al l  configuratio n node s connecte d t o th e 
outpu t  node y tha t  hav e connectio n weight s to ;  greate r  tha n 
Wji  lwji,>Wj i  fo r  al l  fceK^,).'  Th e valu e o f  a  lie s betwee n 0  an d 
1 becaus e th e strengt h value s s  ar e positiv e integer s an d th e 
paramete r  value s ar e limite d t o 0<6< 1 an d x>0 . 

W 

1 

0. 5 

0 

n s t l n p u l f o r C ) 

W y 

5(1-8 ) 
i(l4 f 

Figur e 2 .  Illustratio n showin g outpu t  nod e activatio n 
computing .  Th e gra y shade d are a represent s th e activatio n 

'  I f  tw o o r  mor e activ e configuratio n node s hav e th e sam e 
weigh t  t o a n outpu t  nod e the n thes e node s ar e treate d a s a  singl e 
node wit h a  summed strengt h value . 

valu e a .  Th e m a x i m u m i s 1 .  Eac h configuratio n nod e get s s 
columns ;  s  i s th e strengt h o f  th e configuratio n node .  Th e 

configuratio n nod e wit h th e m a x i m u m weigh t  i s  place d i n 
th e first  column ,  followe d b y th e configuratio n nod e wit h 

th e secon d bigges t  weigh t  an d s o on . 
Thes e complicate d equation s preven t  man y relativel y 

smal l  value s o f  w  fro m obscurin g large r  values .  Th e 
computatio n o f  a  i s illustrate d i n Figur e 2 . 

Learning 

Learnin g require s tw o computationa l  steps : 
1.  Samplin g o f  inpu t  node s an d strengthenin g 

correspondin g configuratio n nodes . 
2.  Adjustmen t  o f  weight s fro m configuratio n node s t o 

outpu t  nodes . 
For  th e first  step ,  subset s o f  th e activ e inpu t  node s ar e 

sample d wit h a  probabilisti c  procedure .  T w o parameter s a 
and P  contro l  thi s process ,  a  i s th e mea n numbe r  o f  set s 
tha t  ar e sample d i n on e learnin g tria l  an d ( 3 influence s th e 
mean numbe r  o f  inpu t  node s g  i n thes e sets .  P  i s th e linea r 
slop e fo r  th e probabilit y  gradient .  Th e computatio n o f  P  i s 
illustrate d i n th e followin g example .  I f  ther e ar e 5  activ e 
inpu t  node s I i  t o I 5 an d a  =1. 5 an d P  =  -0. 2 the n a t  leas t 
one subse t  i s sample d an d ther e i s a  probabilit y  o f  . 5 tha t  a 
secon d subse t  i s  sampled .  Th e probabilit y  tha t  th e subse t 
consist s o f  1  elemen t  i s  p(g=l)=0.533 ;  p(g=2 )  =  0.333 ; 
p(g=3 )  =  0.133 ;  p(g=4 )  =  0  an d p(g=5 )  =  0 .  Fo r  instance , 
onl y on e subse t  migh t  b e sample d wit h g  =  2  an d i t  migh t 
consis t  o f  I 2 an d L, -  N o w a  configuratio n nod e i s searche d 
tha t  ha s th e connection s t o inpu t  node s lik e th e sample d 
subset .  I f  a  configurafio n nod e exists ,  it s  strengt h i s 
incremente d b y 1 .  I f  not ,  the n a n unuse d configuratio n nod e 
i s chose n wit h strengt h s  =  1  an d connection s t o th e inpu t 
node s o f  th e subset .  I f  a n unuse d configuratio n nod e doe s 
not  exis t  the n th e forgettin g proces s take s plac e t o provid e a 
nod e (se e sectio n Forgettin g o f  configuratio n nodes) . 

I n th e secon d step ,  weight s betwee n al l  activ e 
configuratio n node s an d outpu t  node s ar e adjusted .  Th e 
weigh t  Wj i  give s th e portio n i n whic h th e outpu t  node y wa s 
a targe t  i n case s wher e th e configuratio n nod e i  wa s active . 
For  instance ,  i f  configuratio n nod e / '  wa s activ e a t  2 0 
learnin g trial s an d a t  1 5 o f  thes e 2 0 trial s outpu t  node 7 wa s 
a targe t  nod e the n wy ,  =  0.75 . 

Forgetting of Configuration Nodes 

Forgettin g o f  nod e connection s i s require d i n case s wher e 
th e se t  o f  unuse d configuratio n node s i s exhauste d an d ne w 
ones ar e neede d fo r  learning .  Th e followin g procedur e i s 
use d repeatedly :  A  configuratio n nod e i s randoml y selected , 
and it s strengt h i s decremente d b y 1 .  Node s wit h a  strengt h 
of  0  ar e unassigned . 

Parameters and Extended Versions of the lAK 
M o d el 

Thi s pape r  present s a  reduce d versio n o f  th e l A K model .  I n 
th e complet e versio n durin g learnin g no t  onl y activatin g 
but  als o inhibitin g connection s fro m configuratio n node s t o 
outpu t  node s ar e learned .  Thes e inhibitiv e link s ar e rathe r 
selectiv e an d enhanc e th e system s behavio r  i n difficul t 
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discriminatio n tasks .  Anothe r  extensio n deal s wit h 
configuratio n node s fo r  outpu t  nodes .  Thes e configuratio n 
node s ar e suitabl e fo r  learnin g comple x respons e pattern s 
and ar e no t  use d i n classificatio n tasks .  I n th e reduce d 
model  reporte d here ,  onl y fou r  parameter s ar e use d a .  p ,  5 , 
and T ,  althoug h other s ma y b e useful .  Fo r  instance ,  a 
paramete r  i s  neede d i n Equatio n 1  t o increas e th e activatio n 
value s s o tha t  a  mediu m valu e i s no t  obsure d b y smal l  ones . 
However ,  i n th e followin g simulation s onl y qualitativ e 
result s ar e reporte d an d th e parameter s ar e kep t  a t  a 
minimu m fo r  bette r  clarit y o f  th e model' s mechanisms . 

Applications 

The Experiment of Shepard, Hovland, & Jenkins 
(1961 ) 

The task. The stimuli vary on three binary dimensions: 
siz e (larg e vs .  small) ,  shap e (squar e vs .  triangle) ,  an d colo r 
(fille d vs .  empty) .  Fou r  o f  the m ar e assigne d t o categor y A 
th e othe r  t o categor y B .  Ther e ar e si x structurall y differen t 
type s o f  categor y assignmen t  (se e Figur e 3) . 

<3 

Type 1 

( D 

(E> 
Typ e Typ e 

, ® ® 

Typ e 

( B 

Typ e 

siz e 

Figur e 3 .  On e exampl e fo r  th e si x type s o f  stimul i 
assignment s t o categories . 

Shepard et al. (1961; replicated by Nosofsky, Gluck, 
Palmeri ,  McKinley ,  &  Glauthier ,  1994) .  foun d th e 
followin g orderin g o f  difficultie s i n learning :  Typ e 1  < 
Typ e 2  <  (Typ e 3  t o Typ e 5 )  <  Typ e 6 .  Th e advantag e o f 
Typ e 2  compare d t o Type s 3  t o 5  i s difficul t  t o explai n wit h 
connectionis t  models ,  unles s th e mode l  ha s a n explici t 
metho d t o fad e ou t  irrelevan t  dimensions ,  e.g .  A L C O V E 
(Kruschke ,  1992 )  o r  D A L R (Nosofsky ,  Gluck ,  Palmeri , 
McKinley ,  &  Glauthier ,  1994) . 

Metho d o f  sunulation .  Th e ne t  consist s o f  2  outpu t  node s 
representin g categorie s A  an d B  an d 6  inpu t  nodes .  Withi n 
one bloc k eac h stimulu s i s presente d twic e i n rando m order . 
Figur e 4  show s th e percentag e o f  error s withi n eac h bloc k 
fro m n  =  40 0 simulations .  Th e simulatio n replicate s th e 
orderin g o f  typ e difficulties . 

Type6 

—— Type 4 
Type3 
Type2 
Typel 

0,1 5 • • 

11.1 2 

Figur e 4 .  M e a n erro r  fo r  1 6 block s o f  learnin g 
(Parameters :  a  =  5 ;  [ 3 =  0 ;  5 = 0.007 ;  i  =  5) . 

Results. In accordance to previous empirical data (Shepard 
et  al ,  1961 ;  Nosofsky ,  Gluck ,  Palmeri ,  McKinley ,  & 
Glauthier ,  1994 )  ther e i s n o differenc e betwee n linearl y 
separabl e task s (Typ e 4 )  t o linearl y no n separabl e one s 
(Typ e 5) .  Also ,  a n explici t  mechanis m o f  selectiv e attentio n 
learnin g i s no t  require d b y th e l A K mode l  t o predic t  th e 
advantag e o f  Typ e 2  task s compare d t o Typ e 3  t o 5  tasks . 

The Experiment of Medin and Schaffer (1978) 

Thi s experimen t  raise s th e questio n whethe r  learnin g an d 
generalizatio n i s base d primaril y o n singl e feature s o r 
alternativel y o n whol e exemplars .  I f  generalizatio n i s base d 
on th e su m o f  singl e feature-to-categor y associations ,  the n 
th e bes t  classificatio n shoul d b e foun d wit h th e prototyp e 
stimulu s fo r  a  categor y whic h consist s o f  th e feature s tha t 
ar e mos t  typica l  fo r  a  category .  A n alternativ e assumptio n 
i s tha t  generalizatio n ma y b e base d o n similarit y t o whol e 
exemplars . 

I n th e experimen t  (exp .  2  o f  Medi n an d Schaffer ,  1978 ) 
subject s ha d t o classif y stimul i  wit h fou r  binar y dimensions . 
Stimul i  1  t o 5  ar e learne d a s categor y A ,  Stimul i  6  t o 9  ar e 
learne d a s B ,  an d th e remainin g seve n stimul i  ar e onl y 
tested . 

Method of simulation. For the simulation with the LAK 
model  a  ne t  wit h eigh t  inpu t  node s an d tw o outpu t  node s i s 
used .  Fo r  eac h bloc k o f  learning ,  th e stimul i  1  t o 9  ar e 
presente d i n rando m order .  Tabl e 1  compare s th e 
experimenta l  result s o f  th e experimen t  o f  Medi n an d 
Schaffe r  (1978 )  wit h th e result s o f  th e simulation s afte r  on e 
(Sim :  Ix )  an d fou r  (Sim :  4  x )  block s o f  learnin g 
(Parameters :  a=2 ;  p=0 ;  5=0.01 ;  v=3) . 

Results. Three values should be compared in detail. 
Stimulu s 1 2 i s neve r  learne d bu t  i t  i s  th e prototyp e o f 
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Categor y A  an d i s classifie d bes t  i n th e experimen t  an d i n Tabl e 2 .  Mea n portio n o f  error s (n=40 0 simulations ;  (X=l ; 
th e simulations .  Stimulu s 1  i s mor e simila r  t o th e prototyp e P=-0.4 ;  6=0.01 ;  i=5) . 
of  A  tha n Stimulu s 2 ,  bu t  Stimulu s I  i s  classifie d wors e 
tha n Stimulu s 2  i n th e experiment ,  becaus e Stimulu s 1  i s Test -  Ol d Prototyp e N e w 
highl y simila r  t o tw o stimul i  ( 6 an d 7 )  o f  th e opposit e Stimul i 

Categor y B .  Th e simulatio n wit h th e l A K mode l  als o 9  Learne d Exemplar s  ̂̂ ^̂ ^ 

classifie s Stimulu s 1  wors e tha n Stimulu s 2 .  Th e Tes t  1  .0 6 .0 3 .3 3 
architectur e o f  th e l A K mode l  enable s both :  generalizatio n Tes t  2  .2 3 .1 2 .4 1 

base d o n feature s an d base d o n th e whol e o r  part s o f  th e 6  Uarne d ExeinpTar s Categor ^  B 

w '̂ole -  Test' l  '1 9 ^2 5 J 3 
Test  2  .4 5 .3 6 .6 6 

Tabl e 1 .  Percentag e o f  selectio n o f  categor y A  3  Learne d Exemplar s Catejgor y C 

(mea n value s o f  «  =  40 0 simulations) .  Tes t  1  2 4 7 8 9 3 

Test  2  .6 5 .1 6 .8 6 

Especially in Category B, the interaction between 
forgettin g rate s o f  exemplars  an d prototype s i s evident .  A s 
i n th e experimenta l  results :  Th e forgettin g fo r  prototype s i s 
slowe r  tha n fo r  ol d exemplars . 

Interference-Effects 

I n th e l A K model ,  a s i n othe r  connectionis t  models , 
interferenc e i s cause d b y c o m m o n feature s i n stimul i  fro m 
differen t  categories .  A  simulatio n o f  th e fan-effec t 
demonstrate s this . 

Simulation. Ten stimuli are associated to ten different 
categories .  Eac h stimulu s i s represente d b y tw o features ,  a 
specifi c  on e an d on e tha t  i s c o m m o n t o 1 ,  2 ,  3 ,  o r  4  othe r 
stimuli .  Thi s numbe r  i s th e degre e o f  fan .  Eac h categor y i s 
represente d b y on e specifi c  feature.On e bloc k consist s o f 
presentatio n o f  al l  stimul i  i n rando m sequence . 

T h e Interactio n i n Forgettin g Rate s fo r  Exemplar s 

an d Prototype s 

One aspec t  o f  classificatio n learnin g i s th e differentia l 
forgettin g rat e fo r  exemplar s an d prototypes .  I n 
experiment s (e.g .  H o m a e t  al .  1973 )  subject s learne d t o 
classif y do t  pattern s tha t  ar e randoml y distorte d version s o f 
a prototyf)e .  The y wer e teste d wit h ol d exemplar s fro m th e 
learnin g phase ,  ne w unlearne d exemplar s an d prototype s 
tha t  wer e no t  show n durin g th e learnin g phase .  Th e mai n 
resul t  wa s tha t  forgettin g i s faste r  fo r  exemplars  tha n fo r 
prototypes . 

Method of simulation. Per block, 18 exemplars in random 
order ,  9  o f  Categor y A ,  6  o f  B  an d 3  o f  C  ar e presented . 
Each exempla r  consist s o f  eigh t  features :  fou r  ar e specifi c 
fo r  th e exemplar ,  tw o ar e randoml y selecte d fro m th e 
categor y prototyp e an d th e las t  tw o ar e randoml y selecte d 
fro m eac h o f  th e competin g categories .  Afte r  thre e block s o f 
learning ,  ol d an d ne w exemplars  an d prototype s ar e teste d 
(Tes t  1) .  Forgettin g i s cause d b y a  reductio n o f  th e 
configuratio n nod e strengt h (se e sectio n o n forgettin g o f 
configuratio n nodes ,  pag e 4) .  Afte r  a  forgettin g rat e o f  8 0 
percen t  th e stimul i  ar e reteste d (Tes t  2) . 

No. Value s o f 
Dimension s 

Cate -
gor y 

Exp .  S »im:  I x Sim:  4 x 

Learnin g Stimul i 

1 
2 
3 
4 
5 
6 
7 
8 
9 

111 2 
121 2 
1211 
1121 
211 1 
112 2 
211 2 
222 1 
222 2 

A 
A 
A 
A 
A 
B 
B 
B 
B 

.7 8 

.8 8 

.8 1 

.8 8 

.8 1 

.1 6 

.1 6 

.1 2 

.0 3 

.7 8 

.8 6 

.9 1 

.7 9 

.7 9 

.3 8 

.3 7 

.2 2 

.1 2 

.8 5 

.9 1 

.9 6 

.8 3 

.8 4 

.3 4 

.3 4 

.1 5 

.0 6 
Transfe r  Stimul i 

10 
11 
12 
13 
14 
15 
16 

1221 
122 2 
111 1 
221 2 
212 1 
221 1 
212 2 

.5 9 

.3 1 

.9 4 

.3 4 

.5 0 

.6 2 

.1 6 

.6 0 

.4 6 

.9 0 

.4 6 

.5 3 

.6 2 

.2 5 

.6 5 

.4 4 

.9 6 

.4 6 

.4 9 

.6 6 

.1 4 

fa n 4 

fa n 3 

fa n 1 

Figur e 5 .  Mea n portio n o f  error s afte r  th e 1st ,  2nd ,  an d 
3r d bloc k o f  learning .  (m=40 0 simulations ;  a=0.5 ;  P=-0.3 ; 

6=0.0001 ;  1=3) . 

Similar to empirical results, the main difference lies 
betwee n degree s o f  fa n fro m 1  t o 2 . 

Size  of interference. The degree of interference in the lAK 
model  i s simila r  t o interferenc e foun d wit h people .  Ther e i s 
no catastrophi c interference ,  i n contras t  t o othe r 
connectionis t  model s (McCloske y an d Cohen ,  1989) .  Th e 
followin g simulatio n o f  a n A-B/A-B r  desig n demonstrate s 
this .  First ,  Lis t  1  wit h te n stimulu s respons e association s ( a 
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k - ^  ri ;  b  k  ̂  rj ;  c  k  - *  rs ;  d  k  - *  r ^  .. .  f  i s  learned ,  k 
denote s th e featur e fo r  th e first  context .  Second ,  permutate d 
combination s wit h al l  association s altere d (Lis t  2 )  ar e 
learne d i n a  ne w contex t  m (e.g.. -  a  m - ^  r4 ;  b  m - ^  r, ,  c  m 
- ^  rg...) .  Tes t  1  i s  mad e afte r  learnin g thre e block s o f  Lis t 
1.  The n follow s learnin g o f  Lis t  2  fo r  thre e block s an d Tes t 
2 i s  conducted .  Th e simulatio n result s i n Tabl e 3  sho w 
proactiv e an d retroactiv e interferenc e bu t  n o "catastrophic " 
interference . 

Table 3: Mean portion of correct responses («=400; ot=5; 
P=-0.2 ;  5=0.01 ;  v=3) . 

Teststimuli of List 1 Teststimuli of List 2 

Test  1 
Test  2 

.9 4 

.7 5 
.0 0 
.8 4 

Discussio n 

Thi s pape r  present s a  reduce d versio n o f  th e l A K model . 
The model' s powerfu l  learnin g mechanis m i s nevertheles s 
eviden t  an d applicabl e t o mor e tha n classificatio n tasks . 
Thi s versio n o f  th e l A K mode l  demonstrate s th e followin g 
mai n learnin g mechanisms : 
•  Inpu t  feature s ar e sample d i n a n all-or-non e manne r 

and store d a s configurations . 
•  Connectio n weight s betwee n configuratio n an d outpu t 

node s ar e adjuste d gradually . 
•  Specifi c  (multi-feature )  an d unspecifi c  (single-feature ) 

informatio n i s stored . 
•  Th e probabilisti c  samplin g proces s avoid s unfulfillabl e 

storag e requirement s . 
•  Weight s fro m configuratio n node s tha t  ar e vali d 

indicator s fo r  retrieva l  ar e enhanced . 
Thes e principle s ar e basi s fo r  th e followin g properties : 
1.  Realistic ,  human-lik e result s o f  learnin g ar e achieve d 

afte r  a  fe w presentation s o f  th e learnin g material . 
2.  Difficul t  discriminatio n learnin g i s  possible . 

Interferenc e i s moderat e bu t  no t  catastrophic ,  eve n i n A -
B/A-B,-transfe r  designs .  Specifi c  configuratio n node s 
ar e responsibl e fo r  goo d discrimination . 

3.  A t  th e sam e tim e th e syste m exhibit s favorabl e 
generalizatio n properties .  I f  specifi c  informatio n i s 
applicable ,  the n i t  i s  use d an d th e unspecifi c 
informatio n i s faded-ou t  t o preven t  specifi c  informatio n 
fro m blurring .  But ,  i f  ther e i s n o specifi c  information , 
the n unspecifi c  informatio n i s  increase d i n valu e 
providin g a  goo d generalization . 

Ther e ar e som e structura l  similaritie s betwee n th e l A K 
model  an d R U L E X (Nosofsky ,  Palmeri ,  &  McKinley , 
1994) .  Bot h model s lear n i n a  probabilisti c way .  Rule s i n 
R U L EX ma y b e compare d t o th e bindin g o f  configuration s 
t o categorie s i n lAK .  I n R U L E X ,  i t  i s  easie r  t o for m simpl e 
rule s wit h on e featur e tha n rule s wit h tw o o r  mor e feature s 
(complicate d rule s an d exceptions) .  Thi s i s th e sam e i n th e 
lA K model ,  especiall y i f  th e paramete r  ( 3 i s  negative .  Bu t 

ther e i s on e mai n differenc e betwee n th e models :  I n th e 
l A K mode l  a  connectio n weigh t  fro m a  configuratio n t o a 
categor y i s  kep t  eve n i f  inconsisten t  example s ar e 
encountered .  However ,  inconsisten t  example s reduc e th e 
connectio n weigh t  considerable .  Thus ,  i n l A K a 
configuratio n i s  onl y partiall y  discarded .  I n R U L E X ,  rule s 
ar e discarde d completely . 
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