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Abstrac t 

Multi-layer  perceptrons (MLPs) can learn both regular and ir-
regula r  item s give n sufficien t  interleave d training ,  bu t  no t  fro m 
sequentia l  presentatio n o f  items .  McClelland ,  McNaughto n 
and O'Reill y  (1994 )  addresse d thi s proble m i n thei r  proposa l 
tha t  th e hippocampu s an d neocorte x (H/NC )  for m a  tw o com -
ponen t  memor y syste m i n whic h th e hippocampu s interleave s 
trainin g o f  item s t o th e neocorte x s o tha t  i t  ca n develo p struc -
tur e withou t  interferenc e o f  late r  item s o n earlie r  ones .  W e hav e 
been studyin g suc h a n interleavin g syste m unde r  th e constrain t 
of  limitin g th e capacit y o f  th e trainin g batc h (analogou s t o a 
finite  limi t  o n th e hippocampus) .  I n previou s simulation s (Gra y 
& Wiles ,  1996 )  w e demonstrate d tha t  a  quasi-regula r  learnin g 
tas k traine d wit h a  recenc y rehearsa l  schem e di d no t  suffe r  in -
terferenc e t o a  catastrophi c level ,  bu t  di d suffe r  interferenc e o n 
irregula r  an d simila r  regula r  items .  Th e curren t  stud y intro -
duce s a  ne w rehearsa l  schem e i n whic h item s ar e retaine d i n a 
finite  trainin g batc h base d o n ho w wel l  th e M L P ha s learne d 
them :  Erro r  rehearsa l  enable d th e M L P t o lear n (1 )  a  hig h pro -
portio n o f  th e domain ,  (2 )  retentio n o f  bot h regula r  an d irregula r 
item s fro m th e initia l  trainin g batc h an d (3 )  partia l  shieldin g o f 
bot h regula r  an d irregula r  item s fro m late r  interference .  Th e re -
sult s demonstrat e tha t  althoug h finite  trainin g batche s ca n pos e 
a proble m fo r  M L P s ,  a n erro r  rehearsa l  schem e ca n reduc e in -
terferenc e o n bot h regula r  an d irregula r  items ,  eve n whe n the y 
ar e n o longe r  i n th e curren t  trainin g batch .  Implication s fo r  th e 
rol e o f  th e hippocampu s i n interleavin g item s fo r  th e neocorte x 
ar e discussed . 

I n t r o d u c t i o n 

Memory systems have several functionally different learning 
requirements :  th e primar y on e i s th e abilit y  t o stor e event s 
or  item s afte r  onl y on e presentatio n (calle d one-sho t  learn -
in g o r  memorisation) ;  a  secon d i s a  longe r  ter m integrativ e 
functio n tha t  allow s a  m e m o r y syste m t o develo p a  structur e 
ove r  th e event s experienced,  an d henc e generalis e t o nove l 
events .  W h e n modellin g thes e function s independently ,  ar -
tificia l  neura l  networ k researcher s hav e typicall y use d singl e 
laye r  network s (s.a .  th e Matri x Model ,  Humphreys ,  Bai n & 
Pike ,  1989 .  o r  k - W m n e r  Tak e All ,  O'Reill y &  McClelland , 
1994 )  t o mode l  one-sho t  learning ,  an d multi-laye r  perceptron s 
(MLPs )  t o mode l  integrativ e component s (Rumelhart ,  Hinto n 
& Williams ,  1995) . 

A centra l  proble m i n modellin g h u m a n an d anima l  m e m-
or y i s whethe r  th e tw o function s ca n b e produce d b y a  uni -
tar y m e m o r y syste m o r  whethe r  tw o component s ar e require d 
(Humphreys ,  Bai n &  Pike ,  1989 ;  McClelland ,  McNaugh to n 
& O'Reilly .  1994 ;  O'Reill y &  McClelland ,  1994) :  Sinc e 

one-sho t  learnin g system s nee d t o unambiguousl y stor e sin -
gl e event s a t  th e tim e a t  whic h the y occur ,  the y canno t  tak e 
int o accoun t  informatio n tha t  m a y b e distribute d acros s sev -
era l  events .  Attempt s t o us e one-sho t  learnin g system s a s 
integrativ e system s resul t  i n sever e restriction s o n th e type s 
of  generalisatio n tha t  ca n occu r  (e.g. ,  linea r  combination s i n 
th e Matri x Model ;  categor y membershi p i n th e k-Winne r  Tak e 
All) .  B y contrast ,  integrativ e system s suc h a s M L P s ca n utilis e 
higher-orde r  statistic s o f  event s distribute d ove r  time ,  bu t  ar e 
not  suitabl e fo r  unambiguousl y storin g sequentiall y  presente d 
events .  M L P s ar e traditionall y traine d b y interleavin g pre -
sentation s o f  al l  item s an d attempt s t o us e M L P s a s one-sho t 
m e m o ry system s (trainin g withou t  interleavin g presentation s 
of  items )  displa y spectacula r  failures ,  calle d "catastrophi c in -
terference "  (CI ,  McCloske y &  Cohen .  1989 ;  Ratcliff ,  1990) . 
I n CI ,  event s presente d a t  a n earl y stag e i n trainin g ar e com -
pletel y los t  durin g trainin g o n late r  items . 

A ke y questio n fo r  two-componen t  model s i s th e relation -
shi p betwee n th e one-sho t  an d integrativ e components .  Mod -
el s tha t  see k t o combin e bot h thes e function s hav e rarel y 
bee n explore d a t  a  purel y computationa l  level ,  bu t  hav e bee n 
studie d b y cognitiv e neuroscientist s wit h respec t  t o th e hip -
pocampus/neocorte x (H/NC )  m e m o r y syste m (McClelland , 
McNaughto n &  O'Reilly ,  1994) ,  an d th e necessit y fo r  tw o 
componen t  model s ha s bee n debate d b y psychologist s study -
in g h u m a n m e m o r y (se e Dennis ,  1994 .  fo r  a  histor y o f  memor y 
an d learnin g research )  an d exception/regula r  learnin g (e.g. , 
th e Dua l  Rout e model ,  Bakker .  1995;Coltheartcf .  a/. .  1993) . 
Our  analysi s o f  th e computationa l  question s i n thi s projec t  de -
rives  fro m th e H / N C researc h b y McClellan d an d colleague s 
(althoug h w e se e m a n y parallel s i n relate d area s o f  psycho -
logica l  research) . 

McClellan d an d colleague s (McClelland ,  McNaughto n & 
O'Reilly .  1994 ;  O'Reill y &  McClelland ,  1994 )  hav e propose d 
tha t  event s ar e initiall y  store d i n th e hippocampu s ( a one-sho t 
m e m o ry whic h the y mode l  a s a  k -Wmne r  Tak e Al l  network , 
O'Reill y &  McClelland .  1994) ,  whic h the n interleave s presen -
tatio n o f  al l  it s store d memorie s t o th e neocorte x ( a structure d 
integrativ e m e m o r y syste m analogou s t o a n M L P ) .  Suc h in -
terna l  interleavin g enable s multipl e presentatio n o f  item s t o 
th e integrativ e componen t  (thu s providin g a  mechanis m t o 
mitigat e interferenc e an d buil d structur e gradually) ,  whil e re -
quirin g event s t o b e presente d t o th e entir e "two-component " 
syste m onl y once . 

O ur  goa l  i n thi s projec t  i s t o investigat e computationa l  as -
pect s o f  th e interleavin g proces s betwee n th e tw o functiona l 
component s o f  m e m o r y system s suc h a s McClelland .  M c -
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Naughto n an d O'Reilly' s H / N C mode l  unde r  th e constrain t 
of  a  finite  limi t  o n th e trainin g batc h sizes ,  analogou s t o a  fi-
nit e limi t  o n hippocampu s (Treve s &  Rolls ,  1994) .  Followin g 
McQelland ,  McNaughto n an d O'Reilly' s  analogy ,  w e use d a n 
M LP a s a n integrativ e component ,  an d a  buffe r  a s th e one-sho t 
component . 

The focu s o f  thi s stud y wa s th e interleavin g proces s (calle d 
a rehearsa l  scheme )  an d it s  effec t  o n CI .  Severa l  rehearsa l 
schemes hav e bee n reporte d i n th e neura l  networ k literature . 
Result s eithe r  showe d n o significan t  improvemen t  (s.a. ,  re-
cenc y rehearsal ,  Ratcliff ,  1990 ;  Robins ,  1995 )  o r  require d th e 
entir e domai n o f  previousl y learne d item s (s.a ,  rando m an d 
sweep rehearsal,  Robins ,  1995) .  Not e tha t  ther e ar e alterna -
tiv e approache s t o mitigatin g C I  suc h a s modifyin g th e hid -
den uni t  representations  (nod e sharpening ,  French ,  1991 ,  an d 
contex t  biasing ,  French ,  1994 ,  an d spars e hidde n uni t  repre -
sentations ,  Kruschke ,  1992 )  however ,  followin g McClelland , 
McNaughto n an d O'Reilly ,  i n ligh t  o f  observe d psychologica l 
phenomena (s.a. ,  temporall y grade d retrograd e amnesia ,  se e 
McClelland ,  McNaughto n &  O'Reilly ,  1994 ,  fo r  a  review), 
we chos e t o investigat e interleavin g a s th e primar y metho d 
fo r  mitigatin g CI . 

Much o f  th e pas t  wor k o n C I  ha s bee n performe d usin g 
domain s tha t  lac k inheren t  structure .  B y contras t  mos t  cogni -
tiv e domain s ar e highl y structure d (e.g. ,  word s ar e compose d 
of  letters ,  speec h o f  phonemes) .  Domain s comprisin g event s 
tha t  ar e represente d a s multipl e component s ar e terme d com -
binatoria l  domains .  Th e regula r  structur e o f  combinatoria l 
domain s i s fundamenta l  t o th e productivit y o f  cognitiv e sys -
tems (e.g. ,  th e abilit y  t o produc e a n unlimite d numbe r  o f  nove l 
word s fro m a  finite  se t  o f  letters) ,  but ,  somewha t  surprisingl y 
perhaps ,  purel y regula r  domain s ar e rare ,  an d mos t  cognitiv e 
domain s contai n exception s t o th e regula r  structur e (formin g 
"quasi-regular "  domains ,  suc h a s th e pronunciatio n o f  En -
glis h words) .  M L P s traine d o n combinatoria l  dat a hav e bee n 
shown t o posses s ver y differen t  propertie s tha n thos e traine d 
on rando m dat a (Brouss e &  Smolensky ,  1989 ;  Phillip s & 
Wiles ,  1993) ,  i n particula r  demonstratin g hig h level s o f  gen -
eralisation ,  an d som e o f  thes e findings  hav e bee n relate d t o 
a reductio n i n C I  (Brouss e &  Smolensky ,  1989) .  D u e t o th e 
cognitiv e relevanc e o f  combinatoria l  domain s an d th e succes s 
of  M L P s i n learnin g combinatoria l  structure ,  w e hav e studie d 
bot h regula r  an d quasi-regula r  combinatoria l  domains . 

Results to date 

Previous simulations of the A-B and recency rehearsal tasks' 
(Gra y &  Wiles ,  1996 )  demonstrate d tha t  a n M L P ca n extrac t 
th e regula r  structur e behin d regular  an d quasi-regula r  com -
binatoria l  domain s an d tha t  th e structur e o f  th e dat a itsel f 
mitigate s interferenc e t o a  leve l  tha t  coul d no t  b e calle d catas -
trophic .  Thi s resul t  i s  consisten t  wit h expectation s firom  othe r 

'I n th e A- B task ,  th e M L P i s traine d o n a  dat a se t  (Se t  A )  unti l 
aU Item s ar e learned ,  followe d b y trainin g a  secon d se t  (Se t  B ) 
withou t  continuin g presentation s o f  Se t  A .  Thi s for m o f  A- B Tas k 
i s common i n catastrophi c interferenc e literatur e -  item s withi n eac h 
dat a se t  ar e traine d usin g a n interleavin g process ,  bu t  n o interleavin g 
occur s betwee n th e tw o sets .  Th e Recenc y Rehearsa l  Tas k differ s 
from  th e A- B Tas k i n tha t  afte r  trainin g th e initia l  Se t  A  t o criterion , 
new item s ar e adde d an d olde r  item s remove d fro m th e trainin g batc h 
incrementall y unti l  al l  item s i n th e domai n hav e bee n trained . 

Studie s (Brouss e &  Smolensky ,  1989) ,  however ,  i n ou r  simu -
lation s no t  eve n larg e batc h size s eliminate d al l  interferenc e 
fo r  quasi-regula r  domains .  Afte r  irregula r  item s lef t  th e cur -
ren t  trainin g batch ,  performanc e o n thes e item s wa s retaine d 
onl y briefl y an d the n los t  permanently .  A s iiregula r  item s 
wer e adde d t o th e trainin g batch ,  performanc e wa s los t  o n 
simila r  regular  item s (tw o letter s i n c o m m o n )  no t  presen t  i n 
th e trainin g batch . 

Aim of Present Work 

The current study delved further into the interference effects 
on M L P s constraine d b y a  limite d trainin g batc h size .  Sinc e 
our  earlie r  studie s showe d tha t  C I  wa s no t  a n issu e fo r  quasi -
r^ula r  data ,  ou r  focu s wa s o n th e interferenc e tha t  di d occur , 
whic h w e explore d b y separatin g th e performanc e o f  regula r 
an d irregula r  items . 

A ne w rehearsal  schem e wa s designed ,  simila r  t o recenc y 
rehearsal  i n tha t  afte r  trainin g se t  A  t o criterion ,  ne w item s 
ar e adde d an d olde r  item s remove d fro m th e trainin g batc h 
incrementally .  Th e scheme s diffe r  i n tha t  i n recenc y rehearsal , 
th e oldes t  ite m wa s removed ,  wherea s i n erro r  rehearsal ,  eac h 
ite m wa s evaluate d wit h respec t  t o th e M L P s performanc e o n 
th e item ,  an d th e bes t  learne d ite m (ove r  severa l  trials )  wa s 
removed. 

We hypothesise d tw o way s b y whic h th e schem e coul d im -
prov e performance :  Th e fii^t  derive s directl y from  th e main -
tenanc e o f  less-well-leame d item s fo r  longe r  i n th e trainin g 
batch ,  allowin g increase s i n trainin g tim e an d chanc e o f  in -
terleave d trainin g wit h ne w simila r  items .  Th e secon d aspec t 
i s mor e subtle ,  bu t  directl y addresse s th e critica l  questio n o f 
avoidin g interferenc e o n item s tha t  ar e n o longe r  presen t  i n 
th e curren t  trainin g batc h (whic h w e cal l  "shielding") :  Irreg -
ula r  item s enterin g th e trainin g batc h woul d hav e hig h erro r 
and interfer e wit h th e system s performanc e o n simila r  regula r 
items ,  increasin g thei r  erro r  also .  Thes e irregula r  an d simila r 
regular  item s woul d the n b e concentrate d i n th e trainin g batc h 
as th e highes t  erro r  items .  Subsequen t  interleave d presenta -
tion s woul d facilitat e thei r  separatio n i n H U space ,  possibl y 
t o th e exten t  o f  shieldin g th e irregular s (afte r  the y hav e lef t 
th e trainin g batch )  from  interferenc e b y late r  items . 

Method 

Simulations were run to compare the new error rehearsal 
scheme wit h recenc y rehearsal .  Thre e measure s wer e o f  in -
terest :  firstly,  h o w wel l  th e structur e o f  regula r  an d irregula r 
item s i s incorporate d overal l  int o th e H U spac e ( a domai n 
performanc e measure) ;  secondly ,  performanc e o n regula r  an d 
irregula r  item s from  th e initia l  batc h a t  th e en d o f  trainin g al l 
item s i n th e domain ;  an d thirdly ,  th e degre e t o whic h item s tha t 
ar e no t  i n th e final  trainin g batc h ar e maintaine d ( a shieldin g 
measure) . 

For  bot h recenc y an d erro r  rehearsa l  schemes ,  change s t o 
th e simulation s from  th e previou s wor k (Gra y &  Wiles ,  1996 ) 
involve d doublin g th e numbe r  o f  H U s t o ensur e tha t  capacit y 
was no t  limitin g th e performanc e o f  th e rehearsa l  schemes ,  an d 
increasin g th e m a x i m u m numbe r  o f  epoch s betwee n trainin g 
batc h updates .  Al l  othe r  factor s (i.e ,  dat a set s an d parameters ) 
remained  th e sam e (thes e ar e reproduce d belo w fo r  complete -
ness) . 
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structur e o f  th e quasi-regula r  d o m a i n 

The data used was from an artificial data set designed by Sally 
Andrew s a t  th e Universit y o f  N e w Sout h Wale s (persona l  com -
munication )  t o reflect  effect s i n mappin g thre e lette r  syllable s 
t o thei r  phoneti c pronunciation .  Th e inpu t  i s forme d b y com -
binin g thre e letter s (th e onset ,  vowe l  an d coda) .  Eac h o f  th e 
thre e lette r  position s ma y adop t  on e o f  si x letters .  Fo r  ex -
ample ,  th e onse t  i s on e o f  th e letter s B ,  C ,  D ,  G ,  H  o r  S .  Th e 
mappin g wa s quasi-regular ,  i n whic h th e output s fo r  th e onset s 
and coda s wer e identicall y mapped ,  bu t  vowel s wer e mappe d 
t o on e o f  tw o possibl e phoneti c representations  dependin g 
on whethe r  the y wer e lon g o r  shon .  T w o o f  th e si x vowel s 
wer e alway s mappe d t o thei r  shor t  phoneti c representation, 
wit h th e othe r  fou r  varyin g dependin g o n th e combinatio n 
of  th e onse t  an d cod a letters .  O f  th e 21 6 (6x6x6 )  syllable s 
i n th e quasi-regula r  domain ,  20 4 adopte d th e shor t  phoneti c 
representation ,  an d 1 2 adopte d th e lon g (i.e. ,  givin g 5.6 % 
exceptions) .  Th e exception s i n th e domai n wer e randoml y 
distribute d wit h n o underlyin g structur e determinin g whic h 
input s forme d th e exceptions . 

Structure of the MLPs 

To represent the domains for training an MLP, each of the 
thre e lette r  position s o f  th e inpu t  wa s represente d b y a  six -
bi t  loca l  cod e wit h on e uni t  activ e pe r  letter .  Combined ,  th e 
inpu t  vecto r  thu s containe d 1 8 units ,  wit h thre e unit s activ e 
per  syllable .  Similarl y fo r  th e output ,  eac h letter' s phoneti c 
representation  wa s represented  b y a  loca l  code ,  resultin g i n 6 
unit s eac h fo r  th e onse t  an d coda ,  an d 1 0 unit s fo r  th e vowel . 
Combined ,  th e outpu t  vecto r  thu s containe d 2 2 unit s wit h 
thre e unit s activ e fo r  an y syllable .  3 6 hidde n unit s wer e used , 
formin g a n 18-36-2 2 feedforwar d M L P . 

IVaining batch sizes 

The underlying structure of a domain is revealed through the 
item s i n th e trainin g batch ,  an d henc e th e siz e o f  th e batc h i s 
critica l  t o th e amoun t  o f  informatio n availabl e fo r  th e networ k 
t o learn .  W e teste d thre e batc h sizes :  a  smal l  siz e o f  eigh t  (th e 
batc h siz e use d b y McCloske y &  Cohen ,  1989) ,  a  mediu m 
siz e o f  5 0 (use d b y Brouss e &  Smolensky ,  1989 )  an d a  larg e 
batc h siz e o f  10 8 ( 5 0 % o f  th e entir e dat a set) . 

Training procedure 

The considerations for three batch sizes in both recency and 
erro r  rehearsa l  scheme s resulte d i n 6  condition s t o tes t  ( 3 
batc h size s x  2  schemes) .  Fo r  eac h condition ,  te n replication s 
wer e run ,  eac h wit h a  differen t  trainin g batc h an d rando m ini -
tia l  weights .  Trainin g wa s vi a backpropagatio n wit h weight s 
update d afte r  ever y patter n presentatio n (parameter s wer e a s 
use d b y McCloske y an d Cohe n (1989) ,  i.e. ,  learnin g rat e 0.1 , 
m o m e n t u m 0.9 ,  target s 0. 1 an d 0. 9 an d initia l  weigh t  rang e 
[-0.3,0.3] )  an d continue d unti l  al l  outpu t  unit s wer e withi n 0. 2 
of  thei r  correspondin g target s fo r  al l  pattern s i n th e batc h o r  th e 
m a x i m u m numbe r  o f  epoch s betwee n trainin g batc h update s 
exceede d (18 ,  4 6 an d 7 6 epoch s fo r  th e smal l  mediu m an d 
larg e trainin g batc h size s respectively) .  Th e initia l  trainin g 
batc h wa s randoml y selected ,  a s wer e th e item s incrementall y 
adde d (usin g a  non-replacin g selectio n scheme) . 

Resul t s a n d Discussio n 

Result s fo r  recenc y rehearsa l 

Th e recenc y rehearsa l  result s wer e qualitativel y simila r  t o 
our  previou s stud y (se e Figure s 1-3) ,  showin g tha t  recenc y 
rehearsal  allow s aJ l  o f  th e batc h size s (eve n th e smallest )  t o 
lear n th e underlyin g regula r  structur e o f  th e domain .  Thi s 
finding  replicates  th e earlie r  on e tha t  interferenc e o n regula r 
structur e i s no t  a  majo r  concer n fo r  quasi-regula r  domains . 

Rgur« 1.  Domii n Owarrfsak m 

r«c«no y ar d ,rR x rthmj l 

Sir»l(« l l«8«(10» ) 

F i g u r e 1 :  G e n e r a l i s a t i o n t o t h e d o m a i n afte r  trainin g th e ini -
tia l  batch .  Thi s performanc e characterize s bot h recenc y an d 
erro r  rehearsa l  simulation s a s th e behaviou r  o f  th e rehearsa l 
schemes i s n o differen t  a t  thi s stage .  Th e smal l  batc h siz e en -
able d littl e generalization ,  indicatin g tha t  th e networ k ha d no t 
learne d th e underlyin g regula r  structur e behin d th e domain . 
Bot h th e mediu m an d larg e batc h size s enable d th e majorit y 
of  th e structur e t o b e learned . 

Rpur *  Z  Domai n P«fk>nnanc « w .  S« i  N u m b w 

smal  s« (  til *  (o r  r*o«nc y rthwsa l 

Figur e 2 :  Performanc e o f  th e domai n v s se t  numbe r  fo r  on e 
replicatio n o f  th e smal l  batc h size .  Th e grap h i s qualitativel y 
representativ e o f  th e behaviou r  o f  al l  replications ,  showin g 
tha t  immediatel y afte r  trainin g Se t  A ,  th e networ k ha s learne d 
littl e o f  th e underlyin g structur e o f  th e domain .  A s additiona l 
item s ar e adde d t o th e trainin g batch ,  performanc e increase s 
steadily ,  demonstratin g th e abilit y  o f  th e M L P t o extrac t  struc -
tur e eve n from  th e smal l  batc h sizes .  Thi s phenomen a repli -
cate s tha t  observe d i n earlie r  simulation s usin g 1 8 HUs . 
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Figur e 3 :  Performanc e o f  Se t  A  v s Se t  N u m b e r  fo r  th e smal l 
batc h siz e (sam e replicatio n a s Figur e 2) .  Immediatel y afte r 
trainin g Se t  A ,  al l  item s ar e perfectl y learned .  Furthe r  trainin g 
result s i n interferenc e a s observe d b y th e dro p i n performance . 
The strikin g aspec t  o f  thi s grap h i s tha t  a s trainin g continue s 
and th e M L P learn s th e underlyin g structur e o f  th e domain , 
performanc e o n thes e item s return s t o a  hig h level .  Th e classi c 
U-shap e wa s observe d i n al l  replications . 

For  thi s simulation ,  w e explore d th e basi s o f  th e perfor -
mance fo r  th e larg e trainin g batch ,  a s i t  displaye d th e bes t 
performance :  Wit h 3 6 H U s ,  recenc y rehearsa l  i s  abl e t o cap -
tur e th e regula r  structur e (98.3 % regula r  item s correct) ,  an d 
incorporat e som e o f  th e irregula r  structur e (60.8 % irregula r 
item s correct ,  se e Figur e 4) .  W e furthe r  divide d th e domai n 
int o item s presen t  i n th e trainin g batch ,  an d thos e tha t  ha d 
been dropped .  Th e structur e develope d i n th e H U s extende d 
t o regula r  item s n o longe r  i n th e trainin g batc h (96.6 % correct , 
see Figur e 6 )  indicatin g substantia l  shielding .  However ,  fo r 
irregula r  item s tha t  wer e n o longe r  i n th e trainin g batch ,  per -
formanc e decrease d markedl y (28.7 % correct) ,  showin g tha t 
recenc y rehearsa l  di d no t  shiel d irregula r  item s from  interfer -
enc e afte r  the y lef t  th e trainin g batch . 

Wit h respec t  t o McClelland ,  McNaughto n an d O'Reilly' s 
(1994 )  theor y o f  th e H / N C ,  thi s resul t  demonstrate s tha t  re -
cenc y rehearsa l  woul d no t  b e a  suitabl e mode l  fo r  th e inter -
leavin g proces s a s i t  implie s tha t  memorie s tha t  conflic t  wit h 
th e majorit y o f  th e structur e i n th e neocorte x woul d hav e a 
lo w probabilit y  o f  bein g maintaine d i n th e neocorte x longe r 
tha n thei r  duratio n i n th e hippocampus . 

Comparison of recency and error rehearsal schemes 

On al l  thre e measure s o f  performanc e (domai n retention ,  se t 
one retentio n an d shieldin g -  se e Figure s 4 ,  5 ,  an d 6  respec -
tively )  th e erro r  rehearsa l  result s wer e simila r  t o recenc y re -
hearsa l  fo r  regula r  items ,  bu t  wer e markedl y improve d fo r 
irregula r  item s fo r  th e mediu m an d larg e batc h sizes .  Th e 
result s indicat e tw o contributin g factor s -  retentio n o f  item s 
and shielding : 

For  th e erro r  rehearsa l  scheme ,  th e domai n an d se t  on e re -
tentio n fo r  th e larg e batc h siz e (se e Figure s 4  an d 5 )  sho w 
tha t  regula r  structur e ha s bee n maintaine d wit h almos t  al l 
irregula r  item s integrate d correcdy .  Thes e result s ar e under -
standabl e give n th e w a y i n whic h th e erro r  rehearsa l  schem e 

Figur e 4 :  Fina l  performanc e o n th e entir e domai n fo r  bot h 
recenc y an d erro r  rehearsal .  Fo r  bot h rehearsa l  schemes ,  bes t 
performanc e wa s obtaine d fo r  th e larg e trainin g batc h siz e (re -
cenc y -  96 .2% ;  erro r  rehearsa l  98 .7%) .  Bot h scheme s sho w a n 
abilit y  t o incorporat e irregula r  item s int o th e regula r  structur e 
t o som e degree ,  however ,  erro r  rehearsa l  ha s incorporate d a 
much highe r  percentag e o f  th e irregula r  items . 

retain s difficult-to-lea m item s i n th e trainin g batch :  Th e er -
ro r  rehearsa l  schem e concentrate d a  fa r  highe r  proportio n o f 
irregula r  item s tha n th e initia l  rando m distribution ,  especiall y 
fo r  th e larg e trainin g batc h (90. 0 % o f  irregula r  item s wer e 
retaine d i n th e final  trainin g batch) .  Subsequen t  performanc e 
o n irregula r  item s i s no t  surprisin g from a  connectionis t  poin t 
of  view ,  bu t  nonetheles s m a y hav e relevanc e fo r  cognitiv e 
system s a s i t  indicate s a  metho d t o separat e item s int o func -
tionall y regula r  an d irregular ,  withou t  prio r  nee d t o defin e 
whic h item s ar e which .  I t  provide s on e mechanis m b y whic h 
a limite d capacit y memorisatio n syste m coul d dea l  wit h th e 
problem s o f  continuall y bein g presente d wit h ne w items ,  al -
thoug h retentio n o f  item s alon e i s no t  consisten t  wit h th e vie w 
of  th e hippocampu s a s a n intermediat e ter m store . 

Th e secon d contributin g facto r  i s  du e t o shieldin g o f  items : 
Figur e 6  show s th e performanc e o f  item s tha t  wer e correc t  a t 
th e en d o f  th e simulatio n bu t  n o longe r  i n th e trainin g batc h 
(the y ar e th e traditiona l  measur e i n th e C I  literature) .  I n 
erro r  rehearsal ,  a  majorit y o f  th e irregula r  item s wer e shielde d 
from  late r  interferenc e i n th e larg e batc h siz e (58.2 % correc t 
compare d t o 2 8 . 7 % fo r  recenc y rehearsal ,  se e Figur e 6) . 

Togethe r  th e retentio n o f  irregula r  item s an d shieldin g pro -
vid e suppor t  fo r  eno r  rehearsa l  a s a  suitabl e mode l  fo r  th e 
interieavin g process .  WTiethe r  suc h performanc e i s sufficient , 
or  coul d b e furthe r  improve d i s n o w a  feasibl e question . 

Ther e i s n o direc t  compariso n tha t  ca n b e mad e wit h th e 
human dat a fo r  thi s typ e o f  rehearsa l  task .  Barne s an d Under -
w o od (cite d b y McCloske y &  Cohen ,  1989 )  reporte d retro -
activ e interferenc e o f  5 2 % o n th e A B - A C task ,  an d McCloske y 
and Cohe n (1989 )  define d C I  a s substantiall y  lowe r  tha n thi s 
value .  A t  a  criterio n o f  5 2 % ,  th e erro r  rehearsa l  schem e coul d 
be sai d t o b e shieldin g th e irregula r  item s n o longe r  i n th e 
trainin g batc h from  CI .  Furthe r  studie s woul d b e require d t o 
tes t  th e robustnes s o f  thi s resul t  fo r  a  variet y o f  quasi-regula r 
domain s t o hav e confidenc e i n th e numeri c valu e pe r  se ,  bu t 
th e result s demonstrat e a  proo f  o f  concept . 
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Figur e 5 ;  Fina l  retentio n o f  th e initia l  batc h fo r  bot h recenc y 
and erro r  rehearsal .  Fo r  bot h rehearsa l  schemes ,  th e bes t  per -
formanc e i s achieve d fo r  th e larg e batc h siz e (erro r  rehearsa l 
-  98.1% ;  recenc y -  92.4%) .  Th e result s indicat e tha t  mos t  o f 
th e regula r  item s fro m se t  1  hav e bee n retaine d fo r  al l  thre e 
batc h sizes .  A s i n th e domai n performanc e (Figur e 4) ,  ther e 
i s a  marke d differenc e betwee n th e tw o trainin g scheme s fo r 
th e performanc e o n th e irregula r  items :  I n particular ,  fo r  th e 
larg e batc h siz e o n irregula r  items ,  erro r  rehearsa l  gav e excel -
len t  retentio n (96.2% )  wherea s recenc y rehearsa l  performanc e 
coul d b e considere d catastrophi c (28.7%) . 

I n conclusion ,  th e simulation s hav e show n tha t  th e erro r 
rehearsa l  schem e display s promisin g abilit y t o no t  onl y in -
tegrat e irregula r  item s int o th e regula r  structur e o f  th e M L P 
wit h a  limite d trainin g batc h size ,  bu t  als o shiel d item s fro m 
interferenc e afte r  leavin g th e curren t  trainin g batch ,  consisten t 
wit h theorie s o f  th e hippocampu s a s bot h a  finite  capacit y an d 
an intermediat e ter m memor y store . 
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