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A P E C S:  A  Solutio n t o th e Sequentia l  Learnin g Prob le m 

I.P.L. MCLaren 
Departmen t  o f  Psychology ,  Universit y o f  Warwick ,  Coventry ,  C V 4 7 A L ,  U K . 

Tel .  020 3 523188 .  e-mai l  psrap@warwick.cs v 

Abs t rac t 

This paper contains some modifications to Back 
Propagatio n tha t  ai m t o remov e on e o f  it s failing s 
withou t  sacrificin g power .  Adaptivel y Parametrise d 
Erro r  Correctin g System s (APECS )  ar e show n no t 
t o suffe r  fro m th e sequentia l  learnin g problem ,  an d 
t o b e capabl e o f  solvin g E O R ,  highe r  orde r  parity , 
and negatio n problems .  Thi s open s th e wa y t o 
developmen t  o f  connectionis t  model s o f  associativ e 
learnin g an d m e m o r y tha t  d o no t  suffe r  fro m 
"catastrophi c interference" ,  an d ma y she d ligh t  o n 
issue s suc h a s th e episodi c /  semanti c memor y 
distinction . 

The development of novel connectionist 
algorithm s (Rumelhart ,  Hinton ,  an d Williams , 
1986 ;  Ackley ,  Hinton ,  an d Sejnowski ,  1985 ) 
capabl e o f  drivin g learnin g i n multi-laye r  network s 
was on e o f  th e majo r  development s i n cognitiv e 
scienc e i n th e ninetee n eighties .  O n e o f  thes e 
algorithms .  Bac k Propagatio n (Rumelhart ,  Hinton , 
and Williams ,  1986 )  use s gradien t  descen t  t o fin d 
mapping s tha t  captur e inpu t  /  outpu t  relationships , 
typicall y instantiate d i n feed-forwar d architectures . 
I n s o doing ,  i t  come s u p agains t  th e sequentia l 
learnin g proble m identifie d b y McCloske y an d 
Cohen (1989 )  an d furthe r  analyse d b y Ratclif f 
(1990) . 

A genera l  statemen t  o f  thi s proble m i s tha t  i f 
a networ k employin g Bac k Propagatio n i s  first 
taugh t  on e se t  o f  inpu t  /  outpu t  relations ,  an d the n 

some othe r  mappin g i s learn t  whos e inpu t  term s ar e 
simila r  t o thos e first  use d i n training ,  the n a  nea r 
complet e los s o f  performanc e o n th e first  m o p i n g 
i s observe d o n test .  Th e ne w learnin g wipe s ou t  th e 
old .  Thi s i s no t  a  necessar y characteristi c o f  th e 
feed-forwar d architecture ,  becaus e i f  trainin g 
alternate s betwee n th e tw o mappings ,  repeatedl y 
teachin g first  on e an d the n th e other ,  eventuall y a 
solutio n i s reache d tha t  capture s ]2QIl l  set s o f  inpu t  / 

outpu t  relationships .  Thus ,  thi s "catastrophi c 
interference" ,  whe n ne w learnin g erase s old ,  i s onl y 
see n i f  th e tw o mapping s ar e learn t  i n sequence . 
Thi s doe s no t  mea n tha t  thi s propert y o f  th e 
learnin g algorith m ca n b e ignored ,  however ,  a s 
learnin g (i n human s an d networks )  ofte n take s 
plac e withi n a  sequentia l  forma t  (e g se e Ratcliff . 
1990 ;  Hinto n an d Plaut .  1987 ;  Sejnowsk i  an d 
Rosenberg ,  1987) . 

As a  simpl e exampl e o f  thi s genera l  typ e o f 
problem ,  conside r  modellin g a  paired-associat e 
experimen t  (Barne s an d Underwood ,  1959 )  i n 
whic h huma n subject s ar e require d t o lear n a  lis t 
(lis t  1 )  o f  eigh t  nonsens e syllabl e -  adjectiv e pair s 
t o a  criterio n o f  100% .  Tha t  is ,  afte r  som e numbe r 
of  trainin g trials ,  th e subjec t  i s  abl e t o provid e th e 
correc t  adjectiva l  respons e t o eac h nonsens e 
syllabl e stimulus .  Afte r  learnin g lis t  1 ,  th e subject s 
lear n lis t  2 ,  whic h employ s th e sam e nonsens e 
syllable s a s th e first,  bu t  ne w adjective s paire d wit h 
them .  Trainin g continue s unti l  subject s ar e nea r 
perfec t  o n thi s lis t  (>90%) .  The y ar e the n aske d t o 
recal l  th e origina l  lis t  1  adjectiva l  response s fo r  th e 

n o n s e n s e syllable s plu s contex t 

list l  da x te g Iist 2 
o o o o o o o o 

firs t  laye r  o f  weight s 

secon d laye r  o f  weight s 

o 
rega l  slee k kee n swif t 

inpu t 
node s 

hidde n 
unit s 

outpu t 
node s 

adjectiv e response s 

Figur e 1 .  Eac h nod e i n th e inpu t  an d outpu t  layer s stand s fo r  s o m e stimulus ,  context ,  o r  response ; 
signallin g it s presenc e vi a it s activity .  Learnin g proceed s b y changin g th e value s o f  th e connectio n 
strength s betwee n node s (calle d 'weights' )  s o tha t  th e inpu t  node s ca n transmi t  activation ,  vi a th e 
hidde n units ,  t o th e outpu t  nodes . 
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nonsens e syllables .  Performanc e drop s t o aroun d 
5 0 % fo r  thi s list ,  whic h i s take n t o b e a n instanc e o f 
retroactiv e interferenc e (contro l  group s sugges t  tha t 
i t  i s  no t  simpl y th e passag e o f  tim e tha t  i s 
responsibl e fo r  thi s declin e i n performance) . 

Followin g McCloske y an d Cohe n thi s tas k 
ca n b e modelle d i n a  feed-forwar d tw o laye r 
networ k runnin g B a c k Propagation .  T h e lis t 
'context '  an d th e nonsens e syllable s (e g dax ,  teg ) 
ar e th e inpu t  an d th e adjective s (e g regal ,  sleek )  ar e 
th e outpu t  (se e Figur e 1) .  Afte r  cyclin g throug h th e 
lis t  severa l  times ,  activatio n o f  th e inpu t  node s 
representin g lis t  contex t  plu s a  nonsens e syllabl e 
result s i n th e activatio n o f  th e outpu t  node s 
correspondin g t o th e correc t  adjectiv e vi a th e 
patter n o f  connectio n strength s o r  weight s 
develope d b y th e network .  Durin g learnin g o f  th e 
secon d list ,  node s standin g fo r  th e lis t  2  contex t  ar e 
use d i n conjunctio n wit h th e ol d nonsens e syllabl e 
nodes ,  togethe r  wit h extr a outpu t  node s 
representin g th e n e w adjective s (keen ,  swift) . 
Trainin g proceed s unti l  activatio n o f  node s 
representin g lis t  2  +  da x (fo r  example )  result s i n 
activatio n o f  th e 'keen '  node .  N o w .  lis t  1  recal l  ca n 
be teste d b y presentin g lis t  1  +  da x a s input .  T h e 
resul t  i s  -  'keen' .  N o sig n o f  previousl y havin g 
learn t  'regal '  t o thi s inpu t  i s evident .  McCloske y 
an d C o h e n wer e abl e t o s h o w tha t  eve n minima l 
trainin g o n lis t  2  resulte d i n (a t  best )  nearl y 
con:̂ )let e los s o f  lis t  1  o n test ,  rathe r  tha n th e 5 0 % 
los s show n i n human s (a t  worst) .  Thi s resul t  doe s 
not  depen d o n th e loca l  codin g schem e employe d 
here ,  a s the y obtaine d th e sam e outcom e usin g 

distribute d representation s o f  contexts ,  stimul i  an d 
response s a s well .  If .  however ,  th e networ k w a s 
alternate d o n th e tw o lists ,  the n i t  coul d achiev e 
1 0 0 % performanc e o n eac h list . 

Figur e 2  give s simulatio n result s fo r  thi s 
sequentia l  learnin g tas k o n a  tw o ite m lis t  usin g a 
modifie d versio n o f  Bac k Propagatio n (use d 
throughou t  thi s paper) .  Despit e thes e differences , 
th e result s paralle l  McCloske y an d Cohen's . 
Afte r  trainin g o n lis t  1  unti l  performanc e meet s 
thei r  "withi n 0.1 "  criterio n o n test ,  i e activatio n o f 
an inpu t  patter n produce s th e correc t  respons e t o 
withi n 0. 1 o f  eac h node' s targe t  activatio n level , 
learnin g lis t  2  t o th e sam e criterio n destroy s lis t  1 
performance .  I n fact ,  testin g o n lis t  1  n o w fail s t o 
meet  a  "bes t  match "  criterio n whic h require s tha t 
th e outpu t  b e mor e simila r  t o th e targe t  respons e 
tha n t o an y o f  th e othe r  possibl e response s i n th e 
lists .  Analysi s o f  thes e simulatio n result s indicate s 
tha t  th e difficult y facin g th e networ k i s tha t  th e 
initia l  lis t  1  solutio n (i e th e patter n o f  weights )  i s 
not  on e tha t  ca n surviv e learnin g lis t  2 ,  becaus e th e 
lis t  1  response s t o th e nonsens e syllable s hav e t o b e 
suppresse d i n s o m e fashion ,  an d onc e thi s i s don e 
the y canno t  b e recovered .  Onl y w h e n th e list s ar e 
alternate d ca n a  lis t  1  solutio n tha t  i s  protecte d 
fro m th e effect s o f  lis t  2  learnin g b e found . 

T h e solutio n t o th e sequentia l  learnin g 
p r o b l e m w o u l d henc e s e e m relativel y 
straightforward .  Modif y Bac k Propagatio n s o tha t 
lis t  1  learnin g take s a  for m whic h survive s lis t  2 
learnin g b y ensurin g tha t  lis t  1  response s d o no t 
pos e problem s durin g th e learnin g o f  th e secon d 

isl l  d w l» g bl Z ksn da x \»g isl 2 ts n (Sa x 1 ^  bl 2 

is n td u 
Is m •te g 
isl2*d u 
biZtte g 

itgi l 
M 
i \ 
M 
.SI 

SiMk 
i 2 
M 
« 
M 

kMn 
M 
M 
JM 
JM 

swf i 
u 
M 
M 

H l l t d M 
HI1«te s 
tsl2«d u 
lKl2'»te g 

rtga J 
Si 
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M 
M 

slw k 
.«7 
.41 
M 
M 

kMT 
.91 
U 
.M 
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SMtl 
.43 
M 
$2 
M 

lislltd M 
is n «  teg 
Iisi2»da x 
lKI2«te g 

raga l 
M 
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.SO 
SO 

ste«l i 
JM 
M 
M 
M 

kMn 
.S2 
.46 
M 
M 

sam 
i^ 
M 
i^ 
M 

Figur e 2 .  Thi s s h o w s th e patter n o f  weight s develope d b y th e networ k afte r  learnin g lis t  1  (left) ,  the n 
afte r  learnin g lis t  2  (middle) ,  a n d finall y afte r  bein g alternate d o n bot h list s (right) .  We igh t s ar e s h o w n 
nex t  t o th e appropriat e link ,  a n d hidde n uni t  bia s (bes t  interprete d a s a  weigh t  fro m a  uni t  tha t  i s 
a lway s o n )  i s give n insid e th e ico n representin g e a c h unit .  T h e activatio n value s obtaine d o n tes t  ar e 
s h o w n underneat h th e outpu t  n o d e s an d alongsid e th e inpu t  patter n applied .  A  s o m e w h a t  modifie d 

versio n o f  standar d B a c k Propagatio n w a s used ;  n o bia s w a s allowe d fo r  th e outpu t  units ,  a n d thei r 
targe t  activatio n leve l  w h e n 'of f  w a s take n a s 0.5 ,  correspondin g t o zer o ne t  input .  E a c h lis t  w a s 
cycle d throug h 2 5 0 t ime s (left ,  middle )  o r  5 0 0 time s (right) ,  wit h 1 0 0 weigh t  c h a n g e s pe r  learnin g 
episod e involvin g a  give n lis t  pair . 
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lis t  1 dax lis t  1 dax 

6 
rega l 

o 
rega l 

lis t  1 

o 
rega l 

dax 

O D  Q O  Q  O 

B 

Figur e 3 .  Thre e possibl e solution s t o learnin g a  lis t  1  ite m tha t  woul d surviv e th e learnin g o f  lis t  2 . 
Soli d line s denot e positiv e weights ,  dashe d line s negativ e weights .  Solutio n A  require s a  negativ e 
bia s o n th e hidde n unit .  I n al l  cases ,  onl y i f  bot h inpu t  node s ar e activate d i s ther e activatio n o f  th e 
outpu t  node . 

list .  Inspectio n o f  th e rightmos t  se t  o f  weight s i n 
Figur e 2  indicate s thre e simpl e lis t  1  solution s tha t 
migh t  work ,  show n i n Figur e 3 . 

Al l  o f  A ,  B ,  an d C  i n Figur e 3  see m 
plausibl e candidat e solutions ,  i n tha t  non e o f  the m 
wil l  produc e muc h i n th e wa y o f  a  respons e t o a 
nonsens e syllabl e inpu t  o n it s own .  The y eac h 
requir e th e conjunctio n o f  nonsens e syllabl e an d 
lis t  contex t  t o produc e th e appropriat e adjective , 
and thu s shoul d no t  b e susceptibl e t o unlearnin g o f 
lis t  1  durin g acquisitio n o f  lis t  2 . 

I t  i s  difficul t  t o se e h o w solution s B  an d C 
woul d develop ,  however ,  an d a  stricte r  versio n o f 
th e sequentia l  learnin g proble m pose s difficultie s 
fo r  them .  I f  learnin g o n eac h lis t  i s  i n stric t 
sequence ,  i e a  pai r  i s  learn t  an d the n th e nex t  pai r 
and s o o n unti l  th e lis t  i s  learn t  withou t  eve r 
returnin g t o a  pair ,  the n i t  woul d see m tha t  thos e 
solution s whic h depen d o n cyclin g throug h a  give n 
lis t  coul d no t  develop .  Thi s i s th e cas e fo r  solution s 
usin g negativ e weight s t o hidde n unit s tha t 
themselve s posses s negativ e weight s t o outpu t 
units .  The y requir e th e prio r  developmen t  o f 
positiv e weight s fro m inpu t  t o outpu t  (firs t  pairing) , 
followe d b y negativ e weight s fro m th e hidde n unit s 
t o th e outpu t  unit s (suppressio n o f  th e respons e 
when inappropriate) ,  an d onl y the n ca n negativ e 
weight s t o th e hidde n unit(s )  possessin g negativ e 
weight s t o th e outpu t  unit s develo p (o n a  secon d 
pairing) .  I t  coul d b e argue d tha t  learnin g eac h pai r 
involve s alternatin g betwee n contex t  +  stimulu s -
respons e an d contex t  -  n o response ,  whic h wil l 
enabl e thi s typ e o f  solution .  Thi s m a y b e 
appropriat e i n modellin g huma n performanc e o n 
thi s task ,  thoug h i t  seem s unlikel y tha t  thi s ha s t o 
be th e cas e fo r  successfu l  lis t  learning .  Not e tha t 
acquisitio n o f  pair s b y sequentiall y  learnin g contex t 
plu s stimulu s -  respons e an d contex t  -  n o respons e 
(rathe r  tha n alternatin g betwee n them )  wil l  no t 
suffic e t o arriv e a t  solutio n B  o r  C ,  an d thi s i s als o 

a plausibl e mode l  fo r  huma n performanc e whe n 
learnin g a  lis t  i n stric t  sequenc e (an d th e on e use d 
i n th e simulatio n reporte d later) .  I n an y cas e i t 
woul d see m unwis e t o adop t  solution s tha t  suffere d 
fro m thi s restriction . 

H e n c e solutio n A ,  whic h ca n b e 
characterise d a s a n " A N D "  solutio n capturin g th e 
nee d fo r  bot h lis t  1  contex t  an d da x t o b e inpu t  t o 
giv e rega l  a s a n output ,  seem s worth y o f 
investigation .  Give n this ,  th e proble m become s on e 
of  h o w t o modif y Bac k Propagatio n s o a s t o 
achieve  solutio n A  withou t  losin g th e desirabl e 
characteristic s o f  thi s algorithm :  i n particular ,  th e 
power  t o solv e problem s suc h a s F O R . 

O ne answe r  i s t o procee d b y allowin g som e 
of  th e parameter s o f  th e Bac k Propagatio n learnin g 
algorith m t o var y i n a n adaptiv e fashion ,  a n ide a 
borrowe d fro m anima l  learnin g theor y (e g 
Mackintosh ,  1975 ;  Pearc e an d Hall ,  1980 ; 

M^^Lare n an d Dickinson ,  1990) .  Specifically ,  th e 
learnin g rat e paramete r  applicabl e t o a  give n 
hidde n uni t  i n makin g change s i n th e weight s fro m 
i t  t o an y o f  th e outpu t  unit s i s brough t  unde r 
adaptiv e control .  Conside r  a  hidde n uni t  j  whic h 
has link s t o i  outpu t  unit s o f  strengt h wj; .  Th e 

standar d rul e prescribin g th e chang e i n a  weight , 
3wjj ,  is.. . 

1.  awj j  =  /Aia j 

wher e /  i s  th e learnin g rat e parameter ,  A j  i s  a n 

erro r  signa l  give n b y th e differenc e betwee n th e 
outpu t  unit s targe t  activatio n an d curren t  activatio n 
multiplie d b y th e derivativ e o f  th e activatio n 
functio n wit h respec t  t o inpu t  evaluate d a t  th e 
curren t  valu e o f  th e inpu t  t o tha t  outpu t  unit ,  an d a ; 

i s th e hidde n unit' s  activation .  Th e propose d chang e 
is.. . 
2.  awj j  =  /jAja j 

so tha t  eac h hidde n uni t  ha s it s o w n variabl e 
learnin g rat e parameter .  T o achiev e solutio n A ,  w e 
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nee d presentatio n o f  a n inpu t  /  outpu t  pai r  t o resul t 
i n on e (o r  a  few )  liidde n unit s bein g selecte d t o 
mediat e th e positiv e weight s fro m inpu t  t o outpu t 
nodes .  Fo r  arbitrar y mapping s suc h a s thos e 
modelle d her e ther e i s littl e poin t  i n dedicatin g 
mor e tha n on e hidde n uni t  t o bin d inpu t  t o output , 
and i t  simplifie s th e nex t  stage ,  whic h i s t o protec t 
th e mappin g onc e i t  i s  establishe d (th e cas e o f  non -
arbitrar y mapping s possessin g statistica l  structur e 
wil l  b e considere d later) .  Protectio n i s neede d whe n 
onl y a  par t  o f  th e inpu t  (e g contex t  o r  stimulu s 
alone )  i s applie d withou t  concomitan t  applicatio n 
of  th e outpu t  previousl y paire d wit h i t  (whic h wil l 
be terme d "extinction "  here) ,  th e weight s forme d i n 
th e previou s learnin g episode(s )  shoul d no t  chang e 
much,  rathe r  th e hidde n unit' s  bia s shoul d increas e 
so a s t o inactivat e it .  Thi s mean s tha t  th e result s o f 
previou s learnin g episode s ar e no t  s o m u c h froze n 
as take n ou t  o f  circulation .  Thi s ca n b e achieve d i f 
determinatio n o f  th e / :  i s  mad e competitive ,  s o tha t 

th e hidde n uni t  whos e connection s bes t  mee t  th e 
demands impose d b y curren t  outpu t  activatio n i s 
selecte d b y havin g it s /  se t  hig h an d th e othe r  / ;  se t 

near  zero .  Th e sam e mechanis m ca n ensur e tha t  th e 

Y E S - i 

ddh j  =  200dh , 

s u m dh =  I d d h 

sumdh 

Inh = In h +  .005(sumd h Inh ) 

1 
/ j  =ddhj-9ln h 

• j  s u m d h =  Jif \ 

/i=1-exD(-1000f J 
1+exD(-1000/i ) 

/  o f  thi s hidde n uni t  i s  nea r  zer o durin g extinction . 
by disqualifyin g unit s receivin g a n appreciabl e 
negativ e erro r  componen t  fro m som e outpu t  uni t 
fro m th e selectio n process .  T o promot e shift s i n 
bias ,  th e parameter s controllin g change s i n bia s fo r 
th e hidde n unit s shoul d b e hig h whe n th e erro r  ter m 
i s negativ e (i e durin g extinction) ,  an d lo w 
otherwise .  Th e parameter s controllin g weigh t 
change s i n th e inpu t  t o hidde n laye r  shoul d b e hig h 
when th e hidde n uni t  erro r  i s positive ,  bu t  lo w 
when negative ,  s o tha t  th e mechanism s fo r  raisin g 
and dampin g hidde n uni t  activit y ar e equa l  i n 
strength .  Thi s give s thre e guidin g principle s t o 
follo w i n modifyin g Bac k Propagation .  Th e first  i s 
selection :  pickin g ou t  on e (o r  a  few )  hidde n unit(s ) 
t o mediat e a  mapp ing .  Thi s facilitate s 
implementatio n o f  th e second ,  protection : 
preventin g unlearnin g i n th e hidde n t o outpu t  laye r 
by reducin g th e learnin g rat e paramete r  fo r  tha t 
hidde n uni t  t o nea r  zero .  Th e thir d i s th e 
asymmetri c parametrisatio n o f  learnin g i n th e inpu t 
t o hidde n laye r  an d fo r  th e hidde n uni t  thresholds , 
so tha t  extinctio n i s mainl y accomplishe d b y bia s 
change s rathe r  tha n weigh t  reductio n i n th e inpu t  t o 
hidde n layer .  Figur e 4  give s th e algorith m use d fo r 
th e A P E C S simulation s reporte d here . 

Figure 4. One possible algorithm for APECS. 
Star t  b y settin g dh j  =  (ZAjWjj)(aj)(1-aj )  whe r e 

aj  i s  th e activatio n o f  hidde n uni t  I  s o tha t  dh j 

i s  th e erro r  fo r  hidde n uni t  1 .  N o w ddh j  = 

200dh j  i f  ther e I s n o significan t  negativ e ter m 

(I.e .  <-.01 )  i n th e s u m o f  th e ra w error s 
propagate d bac k fro m th e outpu t  layer ,  It' s 
zer o othenvise ;  an d s u m d h =  Zddh j  .wher e th e 

s u m i s ove r  al l  hidde n unit s (thi s Initialise s 
s u m d h ) .  T h e ddh j  c o m p e t e t o detetmin e th e f ; 

I n a n algorith m whic h i s base d o n th e Ide a o f 
al l  th e ddh j  Inputtin g t o a  syste m whic h the n 

provide s negativ e feedback .  Onl y th e larges t 
ddh j  wil l  resul t  I n a  non-zer o f\ .  T h e 

competitio n I s d o n e b y settin g a  variable ,  Inh , 
t o graduall y converg e t o withi n .000 1 o f  s u m d h 
whic h Itsel f  i s  update d t o equa l  S/ j .  Thi s 

negativ e feedbac k syste m ca n the n b e use d t o 
selec t  th e larges t  o f  th e ddh j  b y updatin g th e f \ 

t o equa l  ddh j  -  9lnh .  A n y / j  tha t  drop s belo w 

zer o i s se t  t o zer o durin g thi s procedure .  T h e 
sys te m settle s d o w n t o stabl e value s fo r 
s u m d h an d In h an d onl y th e larges t  ddh j  give s 

rise  t o a  positiv e / j .  T h e fina l  transfor m 

ensure s tha t  / j  change s rapidl y ove r  th e rang e 

tha t  matters ,  a n d I s constraine d b e t w e e n 0 
an d 1 .  Thi s I s a  convenien t  algorith m t o use , 
but  n o doub t  ther e ar e m a n y othe r  m e t h o d s o f 
arrivin g a t  th e s a m e en d result .  A t  th e end ,  th e 
/ j  ar e use d t o determin e th e parameter s fo r 

learnin g b e t w e e n tha t  hidde n uni t  an d th e 
outpu t  laye r  (0.25/j) ,  fo r  th e bia s (10(1-/j)) , 

an d th e inpu t  laye r  t o tha t  hidde n uni t  (15/j) . 
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Figur e 5 .  Lef t  i s  th e patter n o f  weight s an d result s o n tes t  afte r  learnin g lis t  1  (5 0 cycle s throug h th e 
lis t  wit h 2 0 0 weigh t  change s pe r  learnin g episod e involvin g a  give n lis t  pair.)usin g A P E C S ,  i n th e 
middl e ar e th e result s afte r  learnin g lis t  2  (5 0 cycle s throug h th e list )  a s well .  O n th e extrem e righ t  ar e 
show n th e result s fo r  strictl y sequentia l  learnin g o f  bot h list s (8,00 0 iteration s pe r  lis t  pair) . 

Thi s Adaptivel y Parametrise d Erro r 
Correctin g Syste m (APECS )  ca n no w b e ru n o n th e 
sequentia l  learnin g proble m a s define d b y 
McCloske y an d Cohen ,  usin g exactl y th e sam e 
procedure s employe d i n th e Bac k Propagatio n 
simulation s reporte d earlier .  Th e result s ar e 
encouraging ,  an d ar e show n i n Figur e 5 . 

Afte r  learnin g bot h lists ,  performanc e o n tes t 
i s perfec t  b y th e bes t  matc h criterio n i n th e tw o pai r 
lis t  simulation ,  an d no t  fa r  fro m meetin g th e . 1 
criterion .  Thoug h no t  show n i n th e figure , 
performanc e i s eve n bette r  i n th e eigh t  pai r  lis t 
simulation ,  meetin g th e stringen t  . 1 criterio n i n al l 
cases .  Th e reaso n fo r  thi s seem s t o b e tha t  th e 
longe r  lis t  allow s mor e complet e extinctio n vi a bia s 
becomin g increasingl y negative ,  minimisin g th e 
contributio n fro m othe r  sources .  I n th e tw o pai r 
lists ,  th e presenc e o f  a  give n stimulu s wheneve r  th e 
othe r  i s no t  presen t  introduce s a  stron g negativ e 
contingenc y tha t  th e syste m exploits ,  an d negativ e 
weight s o f  som e strengt h develop .  I n th e eigh t  pai r 
list s thi s contingenc y i s muc h weake r  an d n o longe r 
a significan t  factor .  Performanc e i n th e tw o pai r  lis t 
conditio n ca n b e improve d b y allowin g 
presentation s o f  th e contex t  fo r  eac h lis t  alone , 
whic h als o degrade s thi s negativ e contingency . 

Havin g ha d som e succes s wit h th e sequentia l 
learnin g proble m a s define d b y McCloske y an d 
Cohen (1989) ,  th e nex t  simulatio n tackle s th e 
strictl y sequentia l  versio n i n whic h eac h inpu t  / 
outpu t  pai r  i s  learn t  i n on e episod e an d neve r 
releamt .  Th e result s ar e a s show n i n th e rightmos t 
pane l  o f  Figur e 5 .  Not e tha t  th e weight s hav e 
develope d appropriatel y bu t  tha t  th e performanc e 
on tes t  i s weak ,  thoug h stil l  meetin g th e bes t  matc h 
criterion .  Th e outpu t  activation s ar e attenuate d 
becaus e th e threshold s hav e shifte d s o a s t o almos t 
completel y suppres s hidde n uni t  activity ,  eve n 
when optima l  inpu t  pattern s o f  activatio n ar e 
applied .  Thi s i s  a  propert y o f  th e activatio n 

functio n employe d here ,  whic h require s a 
substantia l  chang e i n bia s durin g extinction , 
outweighin g th e influenc e o f  th e positiv e weight s 
develope d durin g lis t  pai r  learning .  I t  canno t  b e 
avoide d b y som e choic e o f  parameters ,  thoug h 
adoptin g a  differen t  activatio n functio n coul d help . 
Thi s rout e wil l  no t  b e explore d here ,  a s th e proble m 
i s on e o f  performanc e rathe r  tha n learning .  Th e 
weight s ar e appropriate ,  allowin g a  retrieva l 
strategy ,  suc h a s increasin g inpu t  activation ,  t o 
enhanc e performance . 

Th e modifie d algorith m seem s t o handl e 
sequentia l  learnin g well ,  certainl y a  lo t  bette r  tha n 
standar d Bac k Propagation .  Bu t  a t  wha t  cost ? Ca n 
A P E CS stil l  solv e problem s tha t  Bac k Propagatio n 
solve d well ? A  wid e rangin g investigatio n i s i n 
progress ,  a s on e exampl e th e result s fo r  E O R wil l 
be give n here .  Thi s i s a  suitabl e tes t  case ,  a s i t  i s a 
standar d proble m requirin g a  multi-laye r  ne t  tha t 
migh t  b e expecte d t o pos e difficultie s fo r  a n 
algorith m tha t  generate s " A N D "  typ e solution s t o 
problems .  I n fact ,  A P E C S solve s E O R ver y wel l  a s 
i s show n i n Figur e 6 ,  wher e th e solutio n produce d 
by Bac k Propagatio n i s als o shown . 

Th e A P E C S algorith m ha s als o prove d 
successfu l  i n solvin g Parit y problem s u p t o orde r  4 , 
th e Negatio n proble m (Rumelhart ,  Hinton ,  an d 
Williams ,  1986) ,  an d severa l  other s tha t  requir e th e 
extractio n o f  structur e i n som e inpu t  -  outpu t 
mapping .  Eve n i f  A P E C S coul d solv e al l  th e 
problem s tha t  Bac k Propagatio n can ,  however ,  on e 
possibl e difficult y i s tha t  i t  migh t  solv e the m i n a 
way tha t  i s  undesirable ,  i e b y developin g loca l 
representation s a t  th e hidde n uni t  level .  Thi s i s no t 
a drawbac k i n th e cas e o f  arbitrar y association s 
betwee n inpu t  an d output ,  A P E C S cope s 
witharbitrar y association s efficientl y an d well ,  bu t 
what  o f  th e cas e whe n distribute d representatio n a t 
th e leve l  o f  th e hidde n unit s migh t  b e considere d 
appropriate ? 
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Figur e 6 .  O n th e lef t  I s th e solutio n t o E O R 
develope d b y A P E C S i n 6 0 cycle s throug h th e 
problem ,  wit h 20 0 weigh t  change s pe r  learnin g 
episod e involvin g a  given  lis t  pair .  O n th e right 
i s  th e solutio n produce d b y modifie d Bac k 
Propagatio n i n 10 0 cycles ,  wit h 20 0 weigh t 
change s pe r  learnin g episod e involvin g a 
give n lis t  pair .  Not e tha t  a  uni t  ha s a n 
activatio n o f  0. 5 give n zer o input ,  an d thu s wil l 
b e s o m e w h a t  'on '  unles s turne d 'off .  T h e 
botto m lef t  s h o w s whic h inpu t  node s wer e 
activ e o n tes t  wit h th e outpu t  node' s respons e 
beneat h th e relevan t  solution .  Th e "- '  denote s 
n o applie d input . 

In fact, APECS will develop distributed 
representation s i n som e circumstances ,  thoug h th e 
result s wil l  no t  b e give n here .  Imagin e tha t  i f  nod e 
A i s activ e a s inpu t  the n nod e B  i s activ e a s output , 
but  ttii s  relatio n i s embedde d i n noise ,  henc e th e 
inpu t  /  outpu t  pairing s ar e X i A - Y j B ,  X 2 A - Y 2 B 

and s o on ,  wher e th e X s an d Y s denot e othe r  node s 
tha t  ar e active .  Thi s model s tryin g t o lear n a 
reliabl e relatio n i n a  variet y o f  differen t  contexts . 
Simulation s sho w tha t  th e networ k develop s a  loca l 
representatio n (a t  th e hidde n uni t  level )  fo r  eac h 
learnin g episod e i n a  differen t  context ,  an d a s th e 
learnin g episode s increas e an d ar e distribute d 
acros s contexts ,  s o th e numbe r  o f  hidde n unit s 
mappin g thi s relatio n increase s s o tha t  i t  i s 
distribute d acros s them .  Eac h hidde n uni t 
contribute s weakl y t o thi s relation ,  a s eac h ha s bee n 
extinguished ,  an d eventuall y th e A- B relatio n 
becomes context-independent . 

Hence a  fundamenta l  propert y o f  th e A P E C S 
algorith m i s a n increas e i n th e distributcdnes s o f 
representation s wit h experience ,  fro m association s 
forme d b y a  singl e contex t  an d 'episode '  t o 
association s accumulate d ove r  man y suc h episodes , 
eac h somewha t  different .  Thi s propert y ma y hol d 
th e ke y t o understandin g ho w on e networ k ma y 
lear n an d represen t  bot h "episodic "  an d 'semantic " 
knowledg e (Tulving ,  1972 ;  1983) ,  an d wh y th e 
forme r  i s mor e vulnerabl e bot h t o interferenc e fro m 
othe r  knowledge ,  an d t o neurologica l  damage .  I t 
m ay als o b e possibl e t o explai n difference s i n th e 
treatmen t  o f  "rules "  an d "exceptions "  i n thes e term s 
(e g i n modellin g wor d recognition ,  Seidenber g an d 
McClelland ,  1989) .  Futur e publication s wil l 

elaborat e o n thes e idea s a s applie d t o bot h huma n 
and anima l  learning .  Meanwhile ,  th e A P E C S 
algorith m appear s t o evad e th e sequentia l  learnin g 
proble m suffere d b y th e conventiona l  Bac k 
Propagatio n algoi-ithm . 
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A b s t r a c t 

When modeling strictly sequential experimental memory 
tasks ,  suc h a s seria l  lis t  learning ,  connectionis t  network s 
£^pea r  t o experienc e excessiv e retroactiv e interference , 
laiow n a s catastrophi c interferenc e (McCloske y & 
Cohen,  1989 ;  Ratcliff ,  1990) .  Th e mai n caus e o f  thi s 
interferenc e i s  overla p amon g representation s a t  th e 
hidde n uni t  laye r  (French ,  1991 ;  Hetherington ,  1991 ; 
Murre ,  1992) .  Thi s ca n b e alleviate d b y constrainin g th e 
number  o f  hidde n unit s allocate d t o representin g eac h 
item ,  thu s reducin g overlq )  an d interferenc e (French , 
1991 ;  Kruschke ,  1992) .  W h e n huma n subject s perfor m a 
laborator y memor y experiment ,  the y arriv e wit h a  wealt h 
of  prio r  taiowledge  tha t  i s  relevan t  t o performin g th e task . 
I f  a  networ k i s  give n th e benefi t  o f  relevan t  prio r 
knowledge ,  th e representatio n o f  ne w item s i s 
constraine d naturally ,  s o tha t  a  sequentia l  tas k involvin g 
nove l  item s ca n b e performe d wit h littl e interference . 
Thre e laborator y memor y experiment s ( A B A free  recaU , 
seria l  Ust ,  an d A B A paired-associat e learning )  ar e use d t o 
sho w tha t  litd e o r  n o interferenc e i s foun d i n network s 
tha t  hav e bee n pretraine d wit h a  simpl e an d relevan t 
knowledg e base .  Thus ,  catastrophi c interferenc e i s 
eliminate d whe n critica l  aspect s o f  simulation s ar e mad e 
t o b e mor e analogou s t o th e correspondin g huma n 
situation . 

i n grossl y impaire d performanc e o n previousl y learne d 
items . 

Th e sequentia l  learnin g proble m wa s demonstrate d 
by Ratclif f  (1990 )  i n a n attemp t  t o mode l  seria l  lis t 
learnin g i n humans .  I n thi s task ,  a  subjec t  i s sequentiall y 
presente d wit h a  numbe r  o f  item s an d i s aske d t o recal l 
the m afte r  th e fina l  ite m ha s bee n presented .  I n Ratclif f  s 
simulation ,  1 6 item s wer e traine d individuall y an d 
sequentially .  Th e networ k retaine d onl y th e final  item ; 
performanc e o n item s 1  t o 1 5 wa s ver y poor . 
Manipulation s o f  variou s parameters ,  suc h a s learnin g 
rat e an d momentum ,  di d no t  significantl y improv e 
networ k performance .  Simila r  failure s t o resolv e th e 
sequentia l  learnin g proble m b y manipulatin g networ k 
parameter s wa s reporte d b y McCloske y an d Cohe n 
(1989) . 

I n thi s article ,  w e outlin e th e majo r  caus e o f 
catastrophi c interferenc e i n standar d networks ,  describ e 
recen t  approache s t o th e problem ,  an d presen t  a  nove l 
approach .  I n contras t  t o previou s wor k o n th e sequentia l 
learnin g proble m tha t  ha s manipulate d networ k 
parameter s an d architectur e (e.g. ,  Hinto n &  Plaut ,  1987 ; 
Kortge ,  1990 ;  Kruschke ,  1992 ;  Lewandowsky ,  1991 ; 
Sloma n &  Rumelhart ,  1992 )  w e attemp t  t o m a k e th e 
simulatio n mor e simila r  t o th e huma n situatio n tha t  i s 
bein g modeled .  W h e n thi s i s  done ,  catastrophi c 
interferenc e i s eliminated . 

I n t r oduc t i o n 

Learning in standard, feed forward, back propagation 
network s (hereafter ,  standar d networks )  i s  a  resul t  o f 
alterin g weight s o n connection s betwee n unit s vi a 
feedbac k o r  experience .  Becaus e pattern s ar e 
represente d i n a  distribute d manner ,  man y unit s an d 
weight s participat e i n encodin g a n item ,  enablin g hidde n 
unit s t o captur e meaningfu l  relation s amon g items . 
Becaus e item s ar e superimpose d durin g learning , 
retroactiv e interferenc e m a y occur ;  event s occurrin g late r 
i n th e trainin g regim e resul t  i n poo r  performanc e o n 
previously-learne d item s (McCloske y &  Cohen ,  1989 ; 
Ratcliff ,  1990) .  Althoug h thi s i s als o tru e fo r  humans , 
McCloske y an d Cohe n clai m tha t  interferenc e i n thes e 
network s i s "catastrophic" ;  learnin g o n late r  trial s result s 

O v e r l a p a t  t h e h i d d e n un i t  laye r 

Standard networks tend to unlearn catastrophically 
becaus e ther e ar e to o fe w constraint s o n hidde n uni t 
representation s whe n learnin g initia l  item s (French ,  1991 ; 
Hetherington ,  1991 ;  Kruschke ,  1992 ;  Murre ,  1992) . 
Eve n completel y non-overlappin g stimulu s pattern s ca n 
overla p a t  th e hidde n uni t  laye r  (Hetherington ,  1991) . 
Most  o r  al l  hidde n unit s encod e initia l  items ,  s o late r 
learnin g necessaril y  involve s changin g weight s tha t 
encod e previou s items .  If ,  however ,  a  networ k wa s 
constraine d t o allocat e a  limite d subse t  o f  hidde n unit s t o 
encod e initia l  items ,  the n overla p betwee n ol d an d ne w 
item s woul d b e reduced ,  decreasin g interference . 

Ther e hav e recenti y bee n a  numbe r  o f  proposal s 
advance d t o impos e limit s o n th e numbe r  o f  hidde n unit s 
use d t o encod e earl y items .  I n a  standar d network ,  th e 
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receptiv e field  o f  a  hidde n uni t  include s al l  inpu t  units . 
Thus ,  eac h hidde n uni t  ha s equa l  probabilit y  o f  encodin g 
tw o inpu t  patterns ,  maximizin g th e potentia l  fo r 
interference .  Kruschk e (1992 )  use d hidde n unit s wit h 
loca l  receptiv e fields  t o reduc e overla p amon g item s a t 
th e hidde n uni t  layer .  I f  a  hidde n uni t  i s  connecte d t o 
onl y a  subse t  o f  th e inpu t  units ,  the n th e probabilit y  tha t 
tw o item s ar e encode d b y th e sam e hidde n uni t 
decreases .  I n a  variatio n o f  Kruschke' s (1992 )  approach , 
Frenc h (1991 )  selectivel y "sharpened "  a  subse t  o f  th e 
hidde n unit s s o tha t  som e becam e mor e activ e tha n other s 
durin g initia l  learning ,  an d fewe r  wer e use d t o encod e 
eac h earl y item .  Interferenc e wa s reduce d whe n a  subse t 
of  hidde n unit s wer e sharpened . 

A natura l  solutio n 

Catastrophic interference has been found in simulations 
of  strictl y sequentia l  verba l  learnin g experiments . 
Subject s i n thes e experiment s ar e typicall y colleg e 
student s w h o ente r  int o a n experimen t  possessin g a  larg e 
bod y o f  knowledg e abou t  word s an d thei r  properties .  I f  a 
networ k i s pretraine d s o tha t  i t  als o possesse s a  bod y o f 
knowledg e prio r  t o commencemen t  o f  a  sequentia l 
learnin g simulation ,  th e firs t  ite m (o r  shor t  Us t  o f  items ) 
i n a  sequentia l  learnin g tas k mus t  b e learne d withi n th e 
constraint s resultin g fro m prio r  knowledge .  M a n y o f  th e 
hidde n unit s ar e alread y committe d t o representin g onl y a 
limite d aspec t  o f  th e inpu t  spac e b y virtu e o f  stron g 
weight s fi-om  a  limite d numbe r  o f  inpu t  units .  W h e n a 
secon d ite m (o r  shor t  list )  i s  trained ,  interferenc e wit h th e 
firs t  i s  decrease d becaus e th e probabilit y  o f  overla p a t  th e 
hidde n uni t  laye r  i s  reduced .  Thus ,  i n accor d wit h 
French' s (1991 )  an d Kruschke' s (1992 )  ideas ,  ou r 
proposa l  als o focuse s o n th e stat e o f  th e hidde n uni t  laye r 
at  commencemen t  o f  sequentia l  training ,  bu t  i n contrast , 
we tak e advantag e o f  th e fac t  tha t  trainin g o n a  corpu s o f 
item s naturall y constrain s hidde n units '  receptiv e fields 
and sharpen s thei r  activations . 

A small ,  naiv e m o d e l 

The first simulation is a simple demonstration of the 
effec t  o f  pretrainin g o n th e numbe r  o f  hidde n unit s use d 
t o encod e a  pattern .  A n encode r  networ k wa s used ,  wit h 
8 inpu t  an d outpu t  units ,  an d 5  hidde n units .  Si x 
distribute d pattern s wer e used .  Th e first  patter n wa s 
represente d b y turnin g o n th e firs t  thre e unit s an d settin g 
th e res t  t o zero ,  /11100000/ ,  th e secon d patter n b y th e 
nex t  successiv e thre e units ,  /Oi l  10000/ ,  an d s o forth . 
The initia l  weight s wer e randoml y selecte d fro m a 
unifor m distribution ,  withi n th e rang e ±  0.5 .  Trainin g 
involve d repeatedl y presentin g th e fourt h patter n unti l 
erro r  fel l  belo w 0.01 ,  a t  whic h poin t  hidde n uni t 
activation s wer e recorded .  Figur e 1  show s a  typica l  ru n 
i n which ,  afte r  trainin g patter n 4 ,  eac h hidde n uni t 
contribute d approximatel y equall y t o th e output .  Hence , 

as suggeste d above ,  withou t  constraint s o n hidde n uni t 
activations ,  a  standar d networ k encode s a  patter n acros s a 
larg e subse t  o f  it s  hidde n units . 

1.0 - |  1 

s y i i i 

o o. e 
« 0. 5 

0.2 
0. 1 
0. 0 

Hidde n Uni t 

Figure 1. Representation of a single pattern across 
th e hidde n uni t  laye r  i n a  small ,  naiv e network .  Th e 
patter n i s distribute d acros s al l  hidde n units . 

A smal l ,  pretraine d m o d e l 

The network was configured as in the previous 
simulation .  Pretrainin g consiste d o f  trainin g al l  pattern s 
excep t  patter n 4  unti l  mea n erro r  fel l  belo w 0.01 .  Patter n 
4 wa s flien  traine d t o th e sam e criterion .  Figur e 2  show s 
tha t  onl y thre e hidde n unit s participate d i n it s encoding . 
Thus ,  lik e th e constraint s introduce d b y Frenc h (1991 ) 
and Kruschk e (1992) ,  pretrainin g reduce d th e numbe r  o f 
hidde n unit s use d t o encod e a n item . 

o 0. 3 

2 3  4 
Hidde n Uni t 

Figure 2: Representation of a single pattern across 
th e hidde n uni t  laye r  i n a  small ,  pretraine d network . 
Th e patter n wa s encode d usin g onl y 3  o f  5  hidde n 
units . 

Thi s demonstratio n implie s tha t  i f  a  networ k i s 
constraine d b y pretrainin g it ,  the n hidde n unit s respon d 
selectivel y t o ne w input .  Suppos e tha t  a  networ k i s mad e 
mor e analogou s t o adul t  human s b y providin g i t  wit h 
previou s knowledg e befor e subjectin g i t  t o a  strictl y 
sequentia l  trainin g regim e associate d wit h a  recognitio n 
memory o r  seria l  lis t  learnin g experiment .  Give n th e 
demonstratio n above ,  previou s trainin g ma y enabl e a 
networ k t o perfor m wit h littl e interferenc e i n stricd y 
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sequentia l  learnin g tasks .  T o tes t  thi s prediction ,  large r 
simulation s o f  free  recall ,  serial-lis t  learning ,  an d paired -
associat e memor y task s wer e conducted ,  an d ar e 
presente d below .  Thes e simulation s wer e no t  intende d a s 
detaile d an d accurat e model s o f  huma n memor y 
experiments ,  bu t  a s simpl e model s o f  differen t  memor y 
tasks ,  demonstratin g tha t  th e effec t  o f  pretrainin g 
generalize s acros s tasks . 

Pretrainin g a  large r  n e h v o r k 

For three memory tasks (ABA free-recall, ABA paired-
associate ,  serial-list) ,  performanc e o f  naiv e an d 
pretraine d network s wa s compared .  Network s wer e 
pretraine d eithe r  o n th e orthographi c representation s o f 
th e se t  o f  289 7 Englis h monosyllabi c word s use d i n th e 
Seidenber g an d McQellan d (1989 )  mode l  o f  naming ,  o r 
on 144 8 orthographi c stimulus-respons e pair s 
constructe d from  word s i n tha t  corpus .  Th e inpu t  an d 
ouq)u t  pattern s wer e 4(X)-uni t  wickelgrap h 
representation s o f  orthograph y (se e Seidenber g & 
McClelland) .  A  wickelgrap h representatio n i s a 
distribute d representatio n o f  wor d spellin g tha t  encode s 
lette r  orde r  an d ite m similarity .  Fo r  th e free-recall  an d 
serial-lis t  learnin g tasks ,  a n encode r  networ k wa s used ; 
hence ,  inpu t  an d outpu t  pattern s wer e identical . 
Pretrainin g o n th e 289 7 word s continue d fo r  4 4 epochs , 
unti l  mea n erro r  fel l  belo w 10 .  A t  thi s point ,  th e networ k 
correctl y reproduce d al l  words ;  th e outpu t  fo r  a  wor d 
matche d itsel f  bette r  tha n an y o f  th e othe r  2896 .  Fo r  th e 
patter n associator ,  stimul i  consiste d o f  ever y secon d 
wor d (alphabetically )  from  th e Seidenber g an d 
McClellan d corpus .  A  respons e wa s chose n randoml y 
from  amon g th e 289 7 items ,  wit h th e constrain t  tha t  n o 
respons e occurre d greate r  tha n thre e times .  Th e networ k 
was pretraine d fo r  4 0 epochs ,  a t  whic h poin t  mea n erro r 
was belo w 1 3 an d i t  compute d th e correc t  respons e t o 
each o f  th e 144 8 stimuli .  I n summary ,  i n eac h 
simulation ,  a  pretraine d networ k tha t  possesse d 
knowledg e o f  Englis h orthograph y wa s compare d t o a 
naiv e networ k tha t  wa s a  tabul a rasa . 

For  eac h simulation ,  th e degre e o f  hidde n uni t 
overla p i s reported ,  followe d b y networ k performanc e o n 
th e lis t  learnin g task .  W e compare d th e degre e o f  hidde n 
uni t  overla p betwee n pair s o f  C V C s usin g a  measur e o f 
percentag e overla p ([ 1 -  su m o f  absolut e differences/su m 
of  tota l  activation ]  x  100) .  Accordin g t o thi s measure , 
identica l  representation s scor e 100 ,  an d non-overiappin g 
representation s scor e 0 .  Analyse s o f  networ k 
performanc e wil l  b e describe d i n eac h section . 

Free-recal l  A B A 

In an ABA free-recall memory task, a subject memorizes 
a lis t  o f  items ,  suc h a s consonant-vowel-consonan t 
string s (lis t  A ) ,  followe d b y a  secon d lis t  (lis t  B) .  Sh e i s 
the n aske d t o recal l  first  lis t  item s i n an y order .  A n 

encode r  networ k (40 0 input/output ,  15 0 hidde n units ) 
was use d t o simulat e thi s task . 

The stimul i  wer e consonant-vowel-consonan t 
trigram s (CVCs )  tha t  wer e mediu m similarit y item s take n 
from  a  typica l  verba l  learnin g experimen t  (Underwood , 
1952) .  Non e o f  the m wer e word s from  th e pretrainin g 
corpus .  Th e C V C s wer e randoml y mixe d t o creat e five 
replication s o f  A  an d B  lists ,  eac h containin g eigh t 
CVCs.  Durin g C V C trainin g i n thi s an d th e followin g 
tw o simulations ,  th e momentu m paramete r  i n th e 
McClellan d an d Rumelhar t  (1988 )  simulatio n softwar e 
package ,  wa s se t  t o zero .  Th e firs t  lis t  wa s traine d unti l 
mean erro r  fel l  t o approximatel y 18 .  A t  thi s poin t  i n 
training ,  th e outpu t  fo r  eac h patter n wa s close r  t o th e 
targe t  C V C tha n an y o f  th e othe r  220 4 (2 1 x  5  x  20 ) 
possibl e CVCs .  However ,  the y wer e no t  a s wel l  learne d 
as th e pretraine d words ;  C V C s learne d i n a n experimen t 
woul d no t  b e a s ingraine d a s a  colleg e student' s 
knowledg e o f  commo n Englis h words . 

Overla p 

Similar to the smal simulations, die distributions of 
hidde n uni t  activation s wer e compare d fo r  set s o f  C V C s 
i n th e naiv e an d pretraine d networks .  Figur e 3  show s a 
histogra m o f  hidde n uni t  activation s fo r  Y U G afte r  i t  wa s 
traine d t o criterio n alon g wit h seve n othe r  C V C s (lis t  A ) . 
Not e dia t  th e representatio n o f  Y U G i n th e naiv e networ k 
was distribute d fairl y evenl y acros s al l  hidde n units .  I n 
contrast ,  i n th e pretraine d network ,  almos t  al l  wer e 
inactive ,  wit h 3 8 o f  15 0 full y activated .  Thus ,  th e naiv e 
networ k sprea d th e representatio n o f  Y U G acros s it s 
hidde n units ,  bu t  th e pretraine d networ k use d onl y a 
smal l  subset .  Thes e result s wer e no t  uniqu e t o Y U G :  th e 
distributio n o f  hidde n uni t  activation s average d acros s 
C V Cs wa s approximatel y unifor m i n th e naiv e network , 
but  bimoda l  i n th e pretraine d case . 
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Figure 3. Distribution of hidden unit activation in 
representatio n o f  Y U G i n naiv e versu s pretraine d 
networks .  Almos t  al l  hidde n unit s encode d Y U G i n 
th e naiv e network ,  bu t  onl y a  smal l  minorit y i n th e 
pretraine d network . 
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I n th e naiv e network ,  percentag e overla p betwee n 
JE P an d Y U G wa s 5 8 % ,  an d 8 2 % betwee n JE P an d 
Z E P.  I n contrast ,  i n th e pretraine d model ,  percentag e 
overla p betwee n JE P an d Y U G wa s 2 4 % ,  an d 5 8 % 
betwee n JE P an d Z E P .  Th e mea n hidde n uni t  overla p 
betwee n pair s o f  C V C s i n th e naiv e mode l  (65% ,  S D = 
6%)  wa s significantl y greate r  tha n i n th e pretraine d 
model  (36% ,  S D =  8 % ) ,  till )  =  34.34 ,  p  <  .0001 .  Note , 
also ,  tha t  a s wel l  a s reducin g overlap ,  pretrainin g 
preserve d similarit y informatio n (i.e. ,  th e hidde n uni t 
representatio n o f  JE P wa s mor e simila r  t o Z E P tha n t o 
YUG). 

Interferenc e 

Given that a network with encoded knowledge of English 
represente d C V C s wit h les s overlap ,  interferenc e i n a 
finee-recall  A B A simulatio n shoul d b e drasticall y 
reduced .  Afte r  th e first  lis t  o f  8  C V C s wa s trained ,  erro r 
was recorde d fo r  eac h patter n i n bot h list s a s a  secon d 8 -
ite m lis t  wa s traine d (lis t  B ) .  Becaus e th e secon d lis t  wa s 
learne d a t  differen t  rate s i n th e naiv e an d pretraine d 
networks ,  i t  wa s inappropriat e t o directl y contras t  amoun t 
of  interferenc e a t  eac h recorde d epoch .  Th e firs t  lis t 
coul d hav e bee n unlearne d faste r  becaus e secon d lis t 
learnin g wa s faster .  T o compar e interferenc e i n th e naiv e 
and pretraine d networks ,  w e require d a  measur e o f 
interferenc e o n first-hst  item s give n th e degre e t o whic h 
second-lis t  item s ha d bee n learned .  Therefore ,  linea r 
regressio n analyse s wer e conducte d i n whic h tota l  erro r 
fo r  second-lis t  item s wa s use d t o predic t  tota l  erro r  fo r 
first-lis t  items .  Th e slop e o f  th e regressio n lin e indicate s 
th e rat e a t  whic h first-list  erro r  increase d relativ e t o th e 
decreas e i n second-lis t  erro r  (i.e. ,  first-lis t  interferenc e i n 
term s o f  second-lis t  learning) .  I n bot h th e naiv e an d 
pretraine d cases ,  second-lis t  erro r  predicte d first-lis t  erro r 
(naive :  r ^  =  .97 ;  pretrained :  r ^  =  .91) .  Critically , 
significantl y les s interferenc e obtaine d whe n a  networ k 
possesse d knowledg e o f  Englis h orthography .  Th e 9 5 % 
confidenc e interval s fo r  th e slop e o f  th e functio n relatin g 
second-hs t  learnin g t o first-list  retentio n wer e compute d 
(naive :  -.3 4 to-.26 ;  pretrained :  -.1 0 to-.06) .  Th e slop e 
fo r  th e naiv e networ k wa s significantl y steeper ,  an d th e 
confidenc e interval s wer e no n overlapping .  I n othe r 
words ,  fo r  eac h incremen t  i n second-lis t  learning ,  first-list 
erro r  increase d significantl y mor e i n a  naiv e network . 
Interferenc e ca n als o b e compare d a t  th e poin t  a t  whic h 
outpu t  fo r  second-lis t  item s wa s close r  t o th e tru e 
respons e tha n t o an y othe r  C V C .  A t  th e poin t  wher e th e 
secon d lis t  wa s learned ,  tota l  erro r  ha d rise n 69.4 3 ( a 
4 7 % increase )  fo r  th e first-list  item s i n th e naiv e network , 
but  onl y 0.2 1 ( a 0 % increase )  fo r  thos e sam e item s i n th e 
pretraine d network .  I n summary ,  whe n a n encode r 
networ k possesse d knowledg e o f  Englis h orthograph y 
prio r  t o a n A B A free-recal l  simulation ,  catastrophi c 
interferenc e wa s eliminated . 

Serial-lis t  learn in g 

The identical network and stimuli were used to simulate 
serial-lis t  learning .  I n a  fi-ee-recall  serial-lis t  learnin g 
task ,  subject s ar e presente d wit h a  numbe r  o f  item s 
sequentially ,  an d ar e aske d t o recal l  the m i n an y order . 

O v e r l a p 

Analogous to the previous simulation, YUG, when 
traine d individuall y unti l  it s  erro r  fel l  belo w 18 ,  wa s 
represente d over  th e hidde n unit s i n a n approximatel y 
unifor m manne r  i n th e naiv e network ,  bu t  b y onl y 3 8 
unit s i n th e pretraine d network .  M e a n overla p betwee n 
C VC pair s wa s significantl y greate r  i n th e naiv e (65% , 
S D =  3 % )  tha n i n th e pretraine d networ k (37% ,  S D = 
9 % ) ,  r(119 )  =  35.03 ,  p  <  .0001 .  Fo r  example ,  whe n 
Y U G wa s learned ,  followe d b y N O L ,  thei r 
representation s overlappe d b y 6 0 % i n th e naiv e network , 
compare d t o 2 9 % i n it s pretraine d counterpart .  Thus ,  i n 
term s o f  retentio n o f  Y U G ,  ther e wa s greate r  potentia l  fo r 
interferenc e i n th e naiv e network .  Interestingly , 
pretrainin g als o preserve d th e rol e o f  ite m similarit y i n 
modulatin g interference .  T o illustrate ,  F A X an d F A H , 
tw o highl y simila r  C V C s ,  overlappe d 6 8 % i n th e naiv e 
network ,  barel y abov e mea n overla p (65%) .  I n contrast , 
the y overlappe d 7 1 % i n th e pretraine d network ,  wel l 
abov e th e mea n (37%) .  Thus ,  althoug h similarit y 
betwee n item s play s littl e o r  n o rol e i n a  networ k wit h a n 
unconstraine d hidde n uni t  laye r  (se e Hetherington , 
1991) ,  i t  play s a  rol e whe n ne w informatio n mus t  b e 
incorporate d int o a n existin g knowledg e base .  Thus , 
whil e th e potentia l  fo r  interferenc e ha s almos t  bee n 
eliminated ,  generalizatio n ha s no t  (se e Ratcliff ,  1990) . 

Interferenc e 

To simulate serial list learning, five orders of the 16 
C V Cs wer e prepared .  Fo r  eac h replication ,  the y wer e 
sequentiall y  traine d t o criterio n (erro r  les s tha n 18) . 
Followin g trainin g o n th e final  pattern ,  al l  C V C s wer e 
teste d fo r  retention .  Erro r  b y seria l  position ,  average d 
acros s th e five  replications ,  i s  displaye d i n Figur e 4 . 
Wit h th e naiv e network ,  a  replicatio n o f  RatclifF s (1990 ) 
result s obtained ;  retentio n wa s ver y poo r  fo r  al l  bu t  th e 
final  item .  I n contrast ,  al l  pattern s wer e wel l  retaine d 
when pretrainin g wa s provided .  Th e performanc e o f  th e 
naiv e an d pretraine d network s wa s compare d usin g a  t -
test .  Acros s seria l  position ,  interferenc e i n th e pretraine d 
networ k wa s significantl y les s tha n i n th e naiv e network , 
/(15 )  =  13.08 ,  p  <  .0001 .  I n fact ,  i t  ma y b e tha t 
performanc e o f  th e pretraine d networ k wa s to o good ; 
ther e wa s les s interferenc e tha n i s  typicall y foun d i n 
human serial-lis t  learnin g experiments . 
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Figur e 4 .  M e a n performanc e o f  naiv e versu s 
pretraine d network s i n th e seria l  list-learnin g task . 
T h e uppe r  (naive )  an d lowe r  (pretrained )  line s 
represen t  performanc e afte r  al l  item s wer e trained . 

Paired-associat e learn in g 

In an ABA paired-associated task, a subject learns a list 
of  stimulus-respons e pair s (lis t  A ) ,  followe d b y a  secon d 
lis t  (lis t  B ) ,  an d the n i s aske d t o recal l  th e first  list .  Th e 
importanc e o f  conductin g bot h free-recall  an d paired -
associat e simulation s wa s illustrate d b y Hetheringto n 
(1990 ,  1991) .  A  facto r  suc h a s ite m similarit y tha t 
decrease s interferenc e i n th e simulatio n o f  on e tas k m a y 
increas e i t  i n another .  Thus ,  th e A B A patter n associatio n 
tas k wa s simulate d t o demonstrat e tha t  th e effec t  o f 
pretrainin g o n reductio n o f  interferenc e i s independen t  o f 
tas k (i.e. ,  typ e o f  network) . 

Th e paired-associat e A B A simulatio n wa s conducte d 
i n th e sam e manne r  a s it s free-recall  counterpar t 
However ,  becaus e th e networ k learne d arbitrar y 
associations ,  a  greate r  numbe r  o f  hidde n unit s wer e 
required ;  60 0 hidde n unit s wer e use d t o encod e 144 8 
wor d pairs .  Sixtee n rando m C V C - C V C stimulus -
respons e pair s wer e create d fo r  th e A B A simulation . 
The y wer e randoml y mixe d t o creat e five  pair s o f  A  an d 
B lists ,  eac h containin g eigh t  patterns .  Fo r  eac h 
replication ,  th e first  hs t  wa s traine d unti l  mea n erro r  fel l 
t o ̂ proximatel y 18 . 

O v e r l a p 

The distributions of hidden unit activations for items in 
thi s simulatio n wer e approximatel y unifor m i n th e naiv e 
networks ,  bu t  bimoda l  i n th e pretraine d network .  B A B -
BIX ,  fo r  example ,  activate d onl y nin e hidde n unit s 
greate r  tha n . 9 i n th e pretraine d network .  M e a n overla p 
betwee n C V C pair s wa s significantl y greate r  i n th e naiv e 

(62% ,  S D =  2 % )  tha n i n th e prefraine d networ k (19% , 
S D =  6 % ) ,  <(27 )  =  35.90 ,  p  <  .0001 . 

Interferenc e 

During second-list training, error was recorded for 
pattern s i n bot h lists .  A s i n th e free-recall  A B A 
simulation ,  i n bot h th e naiv e an d pretraine d networks , 
second-lis t  erro r  predicte d first-list  erro r  (naive :  r ^  =  .91 ; 
pretrained :  r ^  =  .86) .  Interferenc e wa s significantl y 
reduce d whe n a  networ k wa s prefrained .  T h e 9 5 % 
confidenc e interval s fo r  th e slop e o f  th e fiinction  relatin g 
second-lis t  learnin g t o first-lis t  retentio n wer e compute d 
(naive :  -.2 4 to-.15 ;  prefrained :  -.0 8 to-.04) .  T h e slop e 
fo r  th e naiv e networ k wa s significanti y steeper ,  an d di e 
confidenc e interval s wer e no n overlapping .  Tha t  is ,  i n a 
pretraine d network ,  fo r  eac h incremen t  i n second-lis t 
learning ,  first-hst  erro r  ros e significantl y less . 
Interferenc e wa s als o compare d a t  th e poin t  a t  whic h th e 
outpu t  fo r  al l  second-Us t  item s wa s close r  t o th e targe t 
respons e tha n t o an y othe r  C V C .  A t  th e poin t  wher e th e 
secon d lis t  wa s learned ,  erro r  ha d rise n 120.7 1 (a n 8 2 % 
increase )  fo r  th e 8  item s i n th e naiv e network ,  bu t  onl y 
14.1 5 ( a 9 % increase )  i n th e prefraine d case .  Thus ,  w h e n 
a standar d networ k possesse d knowledg e o f  Enghs h 
orthograph y prio r  t o a  pafred-associat e A B A simulation , 
interferenc e wa s drasticall y reduced .  Again ,  interferenc e 
m ay bee n reduce d t o belo w wha t  i s foun d wit h human s i n 
paire d associat e A B A experiments . 

S u m m a r y a n d c o n c l u s i o n 

The three previous simulations demonstrated that 
interferenc e wa s drasticall y reduce d i n simulation s o f 
verba l  learnin g experiment s usin g a  simpl e an d 
principle d manipulation .  Colleg e student s typicall y serv e 
as subject s i n thes e experiments ,  an d ente r  th e 
experimenta l  situatio n possessin g a n impressiv e bod y o f 
knowledg e tha t  ca n b e use d t o perfor m a  task .  W h e n 
network s wer e give n th e benefi t  o f  prio r  relevan t 
knowledge ,  catasfrophi c interferenc e disappeared . 
Despit e th e absenc e o f  interference ,  simila r  item s stil l 
overlappe d a t  th e hidde n uni t  layer ,  s o generalizatio n 
shoul d stil l  occur .  However ,  ther e wa s les s interferenc e 
i n th e prefraine d network s tha n i s typicall y foun d wit h 
humans i n analogou s verba l  learnin g experiments . 

Th e simulation s reporte d her e ar e no t  sophisticate d 
model s o f  huma n m e m o r y experiments ;  i n fact ,  the y ar e 
insufGcien t  implementation s o f  eac h task .  Ou r  purpos e 
was no t  t o captur e th e variet y o f  behaviora l  effect s see n 
i n thes e tasks ,  bu t  merel y t o us e th e simulation s t o 
demonstrat e tha t  catastrophi c interferenc e i n standar d 
network s ca n b e alleviate d usin g a  simpl e an d principle d 
manipulation .  Th e choic e o f  specifi c  network s an d 
procedure s wa s primaril y motivate d b y a  desfr e t o 
deviat e litd e from  th e simulation s o f  McCloske y an d 
Cohen (1989 )  an d Ratclif f  (1990) .  I t  i s  lef t  fo r  futur e 
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wor k t o produc e mor e sophisticate d an d realisti c 
simulation s o f  A B A free-recall,  A B A paired-associate , 
and serial-lis t  learnin g tasks . 
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