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Solution s t o th e Catastrophi c Forgettin g P r o b l e m 

Anthon y Robin s (C'()SCAVR@OTAGO.AC.NZ ) 
Compute r  Scienc e Department ,  Th e Universit y o f  Otago , 

P.O.  Bo x 56 ,  Dunedin ,  N e w Zealan d 

Abstrac t 

In this paper we review three kinds of proposed solutions 
t o th e catastrophi c forgettin g proble m i n neura l  networks . 
The solution s ar e base d o n reducin g hidde n uni t  overlap , 
rehearsal ,  an d pseudorehearsa l  mechanisms .  W e compar e 
th e method s an d identif y som e underlyin g similarities .  W e 
the n briefl y not e som e potentia l  implication s o f  th e 
rehearsa l  /  pseudorehearsa l  base d methods ,  includin g thei r 
applicatio n t o sequentia l  learnin g tasks . 

Introduction 

I n mos t  standar d neura l  networ k learnin g algorithms ,  suc h a s 
back-propagatio n (Rumelhart ,  Hinto n &  Williams ,  1986) , 
al l  informatio n i s learne d "concurrently" .  I n othe r  words , 
th e whol e populatio n o f  interes t  i s  presente d an d traine d a s a 
single ,  complet e entity .  Trainin g i s the n "finished "  an d n o 
furthe r  informatio n i s adde d t o th e network .  Bein g limite d 
t o concurren t  learnin g i s  undesirabl e i n practica l  terms , 
makin g i t  ver y difficul t  t o modif y o r  exten d an y give n neura l 
networ k applicatio n withou t  completel y retrainin g th e 
networ k (compare d wit h a  traditiona l  rul e base d syste m 
wher e informatio n o r  rule s ca n easil y b e adde d t o o r  remove d 
fro m th e system) .  I t  i s  als o a  highl y implausibl e constrain t 
fo r  cognitiv e modellin g wher e s o muc h o f  huma n learnin g i s 
clearl y sequentia l  o r  incrementa l  i n nature .  Thi s limitatio n 
arise s becaus e o f  th e "catastrophi c forgetting "  proble m -  th e 
learnin g o f  ne w informatio n disrupt s previousl y learne d 
informatio n i n a  network . 

I n thi s pape r  w e revie w thre e kind s o f  propose d solution s 
t o th e catastrophi c forgettin g problem .  The s ar e base d o n 
reducin g hidde n uni t  overlap ,  rehearsal ,  an d pseudorehearsa l 
mechanisms .  W e compar e th e method s an d identif y som e 
underlyin g similarities .  Rehearsa l  an d pseudorehearsa l  allo w 
new informatio n t o b e adde d t o a  networ k sequentiall y (a t 
any time )  withou t  disruptin g ol d information .  W e briefl y 
explor e som e potentia l  implication s o f  thes e methods , 
includin g th e possibilit y o f  a  framewor k fo r  modellin g 
ongoin g o r  continuou s learnin g /  developmen t  wit h neura l 
networks ,  an d speculation s abou t  th e relationshi p o f  thes e 
method s t o th e consolidatio n o f  informatio n durin g sleep . 

Catastrophic forgetting and concurrent 
l e a r n i n g 

Ideall y th e representation s develope d b y a  learnin g syste m 
shoul d b e stabl e enoug h t o preserv e importan t  informatio n 
ove r  time ,  bu t  plasti c enoug h t o incorporat e n e w 

informatio n whe n necessary .  On e consequenc e o f  a  failur e t o 
addres s thi s "stabilit y /  plasticit y di lemma "  (Grossberg , 
1987 )  i n man y neura l  network s i s  excessiv e plasticity , 
usuall y calle d "catastrophi c forgetting "  (o r  "catastrophi c 
interference" ,  o r  th e "seria l  learnin g problem") .  I f  a  networ k 
i s expose d t o th e learnin g o f  ne w information ,  the n an y 
previousl y learne d informatio n wil l  typicall y b e greatl y 
disrupte d o r  lost .  Grossber g (1987 )  suggest s th e analog y o f  a 
human traine d t o recognis e th e wor d "cat" ,  an d subsequentl y 
t o recognis e "table" ,  bein g the n unabl e t o recognis e "cat" . 

A numbe r  o f  recen t  studie s hav e use d multi-laye r 
perceptro n (typicall y back-propagation )  network s t o 
highligh t  th e proble m o f  catastrophi c forgettin g an d explor e 
variou s issue s -  thes e include ,  McCloske y &  Cohe n (1989) , 
Hetheringto n &  Seidenber g (1989) ,  Ratclif f  (1990) , 
Lewandowsk y (1991) ,  Murr e (1992a ,  1992b) ,  Frenc h (1992 , 
1994 ,  1997) ,  M c R a e &  Hetheringto n (1993) ,  Lewandowsk y 
& L i  (1995) ,  Sharke y &  Sharke y (1995) ,  Robin s (1995 , 
1996a) ,  an d Frea n &  Robin s (1997) .  Simila r  issue s hav e 
bee n explore d i n th e contex t  o f  Hopfiel d network s b y Nadal , 
Toulouse ,  Changeu x &  Dehaen e (1986) ,  Burgess ,  Shapir o 
& Moor e (1991) ,  an d Robin s &  McCal lu m (1998) . 

I n a  typica l  illustratio n o f  catastrophi c forgettin g w e us e a 
back-propagatio n networ k t o lear n a  bas e populatio n o f 
item s (inpu t  /  outpu t  vecto r  pairs )  i n th e usua l  way . 
Subsequentl y a  numbe r  o f  ne w item s ar e learne d on e b y 
one* .  Th e effec t  o f  thes e ne w item s ca n b e illustrate d b y 
plottin g a  measur e (suc h a s goodnes s o r  error )  o f  th e abilit y 
of  th e networ k t o correctl y reproduc e th e bas e populatio n 
afte r  eac h ne w item .  A s show n i n Figur e 1 ,  th e erro r  m a 
bas e populatio n o f  item s increase s "catastrophically "  afte r 
th e learnin g o f  eve n on e ne w item ,  an d continue s t o ris e a s 
furthe r  ne w item s ar e learned . 

Thi s catastrophi c forgettin g i s th e underlyin g constrain t 
tha t  restrict s mos t  neura l  network s t o concurren t  learnin g 
(wher e th e whol e populatio n o f  interes t  mus t  b e learne d a s a 
single ,  complet e entity) . 

'Al l  simulation s i n thi s pape r  us e th e "Iris "  dat a se t  (Murph y 
& Aha ,  1994 )  consistin g o f  15 0 item s divide d int o thre e classe s 
(distinc t  specie s o f  iris )  o f  5 0 item s each .  Eac h ite m consist s o f 
fou r  rea l  value d measurement s o f  th e iri s  (suc h a s peta l  length) . 
We use d a  4:3: 4 o r  4:4: 4 autoassociativ e back-propagatio n 
networ k wit h a  learnin g constan t  o f  0.0 5 an d a  momentu m 
constan t  o f  0.9 ,  an d a n erro r  criterio n o f  0.01 .  Al l  result s 
reporte d wer e average d ove r  5 0 individua l  replication s o f  th e 
simulatio n (usin g differen t  population s fo r  eac h replication) . 
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Figur e 1 :  Th e basi c catastrophi c forgettin g effect .  (Adapte d 
firom  Robin s (1996 )  Figur e 1) . 

(a )  (b )  (c ) 
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Figure 2: Hypothetical hidden unit activations. 

Solutions to catastrophic forgetting 

I n thi s sectio n w e briefl y revie w thre e genera l  approache s t o 
solvin g th e catastrophi c forgettin g problem .  Thes e ar e base d 
on reducin g hidde n uni t  overlap ,  o n rehearsal ,  an d o n 
pseudorehearsa l  respectively .  Othe r  propose d solution s 
base d o n specifi c  "purpos e built "  architecture s ar e note d i n 
Sharke y an d Sharke y (1995) . 

Reducing hidden unit overlap 

Frenc h (1992 )  suggest s tha t  th e exten t  t o whic h catastrophi c 
forgettin g occur s i s largel y a  consequenc e o f  th e overla p o f 
distribute d representations ,  an d tha t  th e effec t  ca n b e reduce d 
by reducin g thi s overlap .  Catastrophi c forgettin g wil l  b e 
wors t  whe n ne w ite m input s ar e simila r  t o br> e populatio n 
input s (i.e .  generat e simila r  hidde n uni t  patterns )  bu t  requir e 
ver y differen t  outpu t  pattern s t o b e produced . 

Severa l  studie s hav e explore d mechanism s fo r  reducin g 
representationa l  overla p an d thei r  impac t  o n catastrophi c 
forgetting .  Th e novelt y rul e (Kortge ,  1990) ,  activatio n 
sharpenin g (French ,  1992) ,  an d technique s develope d b y 
Murr e (1992a )  an d M c R a e an d Hetheringto n (1993 )  al l  fal l 
withi n thi s genera l  framework .  Thes e method s focu s o n 
increasin g th e separatio n (orthogonality )  o f  th e hidde n uni t 
representation s develope d b y th e network ,  typicall y b y 
creatin g "sparser "  representation s (hidde n uni t  pattern s wit h a 
smalle r  numbe r  o f  activ e units) .  French' s activatio n 
sharpening ,  fo r  example ,  introduce s a n extr a ste p t o th e 
learnin g proces s fo r  eac h inpu t  whic h add s weigh t  change s 
tha t  slightl y increase s th e activatio n o f  th e mos t  activ e (o r  k 
most  active )  hidde n unit s whil e decreasin g th e activation s o f 

al l  others .  T o illustrat e thes e point s conside r  a  hypothetica l 
networ k wit h fou r  hidde n unit s whic h ha s learne d a 
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Figur e 3 :  Rehearsa l  an d pseudorehearsa l  method s 
effectivel y eliminat e th e catastrophi c forgetting .  (Adapte d 
fro m Robin s (1996 )  Figure s 3  &  4) . 

population where the inputs are divided into two relatively 
distinc t  categories .  Figur e 2  (a )  illustrate s possibl e hidde n 
uni t  pattern s o f  activatio n fo r  eac h categor y i n a  standar d 
back-propagatio n network .  Th e representation s o f  eac h 
categor y ma y no t  b e wel l  separated .  Figur e 2  (b )  illustrate s 
typica l  hidde n uni t  pattern s o f  activatio n fo r  eac h categor y i n 
a back-propagatio n networ k usin g singl e nod e activatio n 
sharpening .  Th e representation s o f  eac h categor y ar e wel l 
separated ,  an d sparse . 

Whil e thes e method s ca n reduc e th e impac t  o f  catastrophi c 
forgettin g i n varyin g way s (a s discusse d below) ,  Frenc h 
(1994 )  identifie s severa l  problem s wit h th e us e o f  spars e 
hidde n uni t  representations .  Frenc h show s tha t  th e reduce d 
representationa l  capacit y o f  spars e pattern s o f  activatio n ca n 
i n som e circumstance s resul t  i n a n increas e i n catastrophi c 
forgetting ,  an d als o argue s tha t  i t  result s i n a  reduce d 
capacit y t o categoris e an d discriminat e inputs ,  an d a  reduce d 
capacit y t o generalise .  Th e us e o f  spars e (mor e "localist" ) 
representation s woul d als o impl y a  decrease d robustnes s i n 
th e fac e o f  nois e an d damage .  Frenc h (1994 )  conclude s tha t 
hidde n laye r  representation s nee d t o b e highl y distribute d a s 
wel l  a s separated ,  an d describe s a  ne w method ,  "contex t 
biasing" ,  whic h generate s suc h representations .  Contex t 
biasin g introduce s a n extr a ste p t o th e learnin g proces s fo r 
eac h inpu t  whic h add s weigh t  change s tha t  enhanc e th e 
difference s betwee n th e patter n o f  hidde n uni t  activatio n 
generate d b y th e curren t  inpu t  an d th e patter n generate d b y 
th e previou s input .  Figur e 2  (c )  illustrate s typica l  hidde n 
uni t  pattern s o f  activatio n fo r  eac h o f  tw o hypothetica l 
categorie s i n a  back-propagatio n networ k usin g contex t 
biasing .  Th e representation s o f  eac h categor y ar e wel l 
separated ,  bu t  distributed ,  avoidin g th e problem s associate d 
wit h spars e representations . 

Of  th e method s fo r  reducin g hidde n uni t  overlap , 
activatio n sharpenin g an d contex t  biasin g d o no t  actuall y 
preven t  a  bas e populatio n fro m bein g disrupte d b y ne w 
items .  Thes e method s do ,  however ,  ameliorat e th e effect s o f 
thi s catastrophi c forgettin g t o th e exten t  tha t  the y allo w th e 
bas e populatio n t o b e subsequentl y retraine d t o criterio n 
more quickl y tha n i s th e cas e i n a  standar d back-propagatio n 
network .  Th e novelt y rul e (Kortge ,  1990 )  ha s bee n show n 
t o preven t  catastrophi c forgetting ,  bu t  ca n onl y b e use d wit h 
autoencode r  (autoassociative )  networks .  Catastrophi c 
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forgettin g m a y als o b e prevente d i f  i t  i s  possibl e t o pre-trai n 
th e networ k o n a  populatio n whic h i s "relevant "  t o th e bas e 
populatio n an d ne w item s (simulatin g prio r  knowledg e o f  a 
tas k domain )  a s explore d b y Sharke y an d Sharke y ( 1 W 5 )  an d 
M c R ae an d Hetheringto n (1993) .  I n M c R a e an d 
Hetherington' s simulation s thi s pretrainin g naturall y reduce d 
th e overla p o f  hidde n uni t  representation s i n subsequen t 
learning . 

Rehearsal 

A secon d genera l  approac h t o preventin g catastrophi c 
forgettin g involve s "rehearsing "  th e bas e populatio n b y 
retrainin g som e bas e populatio n item s a s th e ne w item s ar e 
trained .  Ideall y thi s wil l  allo w th e n e w item s t o b e 
incorporate d int o th e structur e o f  th e bas e populatio n instea d 
of  jus t  overwritin g it .  Rehearsa l  wa s firs t  explore d i n th e 
contex t  o f  catastrophi c forgettin g b y Hetheringto n an d 
Seidenber g (1989 )  an d Ratcliff e (1990) ,  an d a  rang e o f 
rehearsa l  method s hav e bee n explore d b y Murr e (1992b )  an d 
Robin s (1995) . 

Followin g Ratcliff e (1990) ,  rehearsa l  ca n b e though t  o f  a s 
introducin g eac h n e w ite m no t  alone ,  bu t  i n a  rehearsa l 
buffe r  alon g wit h a  numbe r  o f  ol d items .  Th e populatio n o f 
item s i n th e rehearsa l  buffe r  ar e the n traine d ove r  a  numbe r 
of  epoch s (iteration s o f  th e learnin g algorithm )  i n th e usua l 
way.  Th e variou s possibl e way s o f  selectin g an d managin g 
th e ol d item s i n a  rehearsa l  buffe r  defin e a  famil y o f  possibl e 
rehearsa l  regimes .  Robin s (1995 )  explore s a  rang e o f 
rehearsa l  regimes ,  includin g a  "recency "  regim e (followin g 
Ratcliff e (1990)) ,  a  " random "  regim e (independentl y 
propose d i n Murr e (1992b)) ,  an d a  "sweep "  regime .  I n thi s 
pape r  w e wil l  illustrat e th e genera l  propertie s o f  rehearsa l 
usin g th e swee p regim e a s a  specifi c  example .  I n swee p 
rehearsa l  th e rehearsa l  buffe r  alway s contain s th e ne w item , 
and als o contain s a  numbe r  (on e o r  more )  o f  ol d item s tha t 
ar e randoml y selected/o r  eac h epoc h o f  trainin g (replacin g 
th e ol d item s use d i n th e previou s epoc h s o tha t  th e buffe r 
remain s o f  a  fixe d size)^ .  Trainin g continue s unti l  th e 
singl e ne w ite m reache s criterion . 

Our  secon d simulatio n explore s th e performanc e o f 
(sweep )  rehearsa l  compare d t o th e simpl e n o rehearsa l 
conditio n illustrate d i n th e firs t  simulatio n (se e Figur e 1) . 
We us e th e sam e network ,  parameters ,  an d populations ,  i.e . 
a bas e populatio n consistin g o f  3 0 item s o f  on e specie s o f 
iri s  an d 2 0 ne w item s draw n fro m a  secon d species .  Eac h 
ne w ite m i s traine d i n a  buffe r  alon g wit h a  numbe r  (fiv e i n 
thi s case )  o f  previousl y learne d item s (bas e populatio n item s 
or  ne w item s learne d earlie r  i n th e sequence )  chose n a t 
rando m fo r  eac h epoch .  Th e result s ar e show n i n Figur e 3 , 

2 Th e rati o o f  ol d item s i n th e buffe r  t o th e siz e o f  th e bas e 
populatio n i s a n importan t  factor .  Simulation s base d o n th e Iri s 
populatio n i n thi s pape r  continu e t o us e th e baselin e 
establishe d i n Robin s (1995 )  o f  settin g th e siz e o f  th e rehearsa l 
buffe r  t o includ e a  numbe r  o f  ol d item s equa l  t o roughl y 1 5 % o f 
th e siz e o f  th e bas e population .  Thi s figure  appear s t o provid e 
an acceptabl e tradeof f  betwee n performanc e an d th e amoun t  o f 
rehearsa l  required .  Th e performanc e o f  al l  regime s ca n b e 
arbitraril y  improve d b y increasin g th e siz e o f  th e rehearsa l 
buffer . 

"Rehearsal "  condition .  Performanc e o n th e bas e populatio n 
i s maintaine d ver y effectively . 

I n rehearsa l  on e choose s som e numbe r  o f  ol d item s t o b e 
learne d alongsid e a  ne w item .  I f  al l  ol d item s wer e included , 
rehearsa l  woul d simpl y amoun t  t o retrainin g th e entir e bas e 
populatio n a s ne w item s ar e introduce d (a s i s th e cas e i n fo r 
exampl e th e "interleave d learning "  propose d b y McClelland , 
McNaugh to n an d O'Reill y  (1995)) .  W h a t  i s interestin g 
abou t  th e studie s describe d above ,  however ,  i s  tha t  subset s 
of  th e bas e populatio n o r  les s rigorou s trainin g criteri a ca n 
als o b e use d effectively .  T h e (sweep )  rehearsa l  regim e 
illustrate d her e i s ver y effectiv e despit e th e fac t  tha t  i t  doe s 
not  us e al l  th e item s a t  ever y ste p an d doe s no t  explicitl y 
retrai n ol d item s t o criterion .  Thi s suggest s tha t  i n genera l 
rehearsa l  shoul d b e "broad "  bu t  i t  doe s no t  nee d t o b e "deep" . 

Pseudorehearsal 

Rehearsa l  o f  thi s kin d i s a n effectiv e solutio n a s lon g a s th e 
previousl y learne d item s ar e actuall y availabl e fo r  releaming . 
I t  m a y be ,  however ,  tha t  th e ol d item s hav e bee n lost ,  o r  i t 
i s  no t  practica l  fo r  som e reaso n t o stor e them .  Sharke y an d 
Sharke y note ,  fo r  example ,  that : 

"the interference [catastrophic forgetting] problem is [...] 
genera l  an d shoul d b e o f  concer n t o al l  thos e involve d i n 
developin g application s i n whic h th e trainin g dat a onl y 
become availabl e piecemea l  ove r  a n extende d perio d o f 
time .  Fo r  example ,  i n on-lin e learnin g o f  contro l 
processes ,  suc h a s foun d i n robotic s o r  manufacturing ,  i t 
may no t  b e practica l  t o maintai n al l  o f  th e trainin g dat a i n 
memory an d retrai n eac h tim e a  nove l  aspec t  o f  th e dat a i s 
encountered. "  Sharke y &  Sharke y (1995 ,  p  302) . 

In any case, retaining old items for rehearsal in memory 
seems somewha t  artificial ,  a s i t  require s tha t  the y b e 
availabl e o n deman d fro m som e othe r  source ,  whic h woul d 
see m t o mak e th e memor y itsel f  redundant ! 

I t  i s  possibl e t o achiev e th e benefit s o f  rehearsal ,  however , 
eve n whe n ther e i s n o acces s t o th e bas e population .  I n 
othe r  words ,  w e ca n d o rehearsa l  eve n w h e n w e d o no t  hav e 
th e ol d item s t o rehearse !  Thi s "pseudorehearsal " 
mechanism ,  introduce d i n Robin s (1995) ,  i s  base d o n th e 
us e o f  artificiall y  constructe d population s o f  "pseudoitems " 
instea d o f  th e actua l  ol d items . 

A pseudoite m i s constructe d b y generatin g a  n e w inpu t 
vecto r  a t  random ,  an d passin g i t  forwar d throug h a  networ k 
i n th e standar d way .  Whateve r  outpu t  vecto r  thi s inpu t 
generate s become s th e associate d targe t  output .  Fo r  a  give n 
networ k (traine d o n th e bas e population )  a  populatio n o f 
pseudoitem s constructe d i n thi s w a y ca n b e use d instea d o f 
th e actua l  bas e populatio n item s i n an y rehearsa l  regime . 
Suc h a  populatio n i s constructe d befor e eac h n e w ite m i s 
learned ^  .  Learnin g proceed s exactl y a s before ,  excep t  tha t 
instea d o f  rehearsin g item s chose n fro m th e ol d bas e 
populatio n the y ar e chose n fro m th e populatio n o f 
pseudoitems . 

Jus t  a s fo r  simpl e rehearsal ,  i n thi s pape r  w e us e th e 
"sweep "  regim e fo r  choosin g pseudoitem s (se e Robin s 
(1995 )  fo r  othe r  variants) .  Usin g th e sam e networ k an d 

^  Ou r  simulation s us e population s o f  12 8 pseudoitems . 
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population s a s above ,  w e repea t  th e trainin g procedur e o f  th e 
rehearsa l  proces s (secon d simulation )  excep t  tha t 
pseudoitem s ar e use d instea d o f  actua l  ol d items . 

Specifically ,  befor e eac h ne w ite m i s learne d a  populatio n o f 
pseudoitem s i s constructed .  Th e ne w ite m i s the n learne d 
alongsid e pseudoitem s (fiv e i n thi s case )  tha t  ar e chose n a t 
rando m fo r  eac h epoch .  Trainin g continue s m thi s wa y unti l 
th e ne w ite m i s traine d t o criterion .  Th e result s ar e show n 
i n Figur e 3 ,  "Pseudorehearsal "  condition .  Pseudorehearsa l 
remain s highl y effectiv e a t  preservin g performanc e o n th e 
bas e population .  Afte r  th e twentiet h ne w item ,  th e erro r  i s 
roughl y tw o percen t  o f  th e erro r  o f  th e n o rehearsa l  conditio n 
(Figur e 1 )  an d increasin g onl y gradually . 

I n short ,  pseudorehearsa l  i s  a  promisin g metho d fo r 
achievin g th e benefit s o f  rehearsa l  i n reducin g catastrophi c 
forgettin g withou t  assumin g acces s t o ol d information . 
Rathe r  tha n explicitl y  storin g al l  learne d item s fo r  late r 
rehearsal ,  pseudorehearsa l  approximate s thi s informatio n 
wheneve r  i t  i s  needed .  A s wel l  a s autoassociativ e learnin g 
wit h th e Iri s dat a se t  use d i n thi s pape r  an d Robin s (1996) , 
pseudorehearsa l  base d mechanism s hav e bee n show n t o b e 
effectiv e on :  autoassociativ e an d heteroassociativ e randoml y 
constructe d dat a set s b y Robin s (1995 )  an d An s &  Rousse t 
(1997) ;  a  classificatio n tas k usin g th e Mushroo m dat a se t 

(se e Murph y &  A h a (1992) )  b y Frenc h (1997) ;  an d a n 
autoassociativ e alphanumeri c characte r  se t  (usin g a  Hopfiel d 

typ e network )  b y Robin s &  McCallu m (1998) . 
Pseudorehearsa l  i s  base d o n samplin g th e functio n fit  b y 

th e networ k t o th e bas e populatio n i n th e proces s o f 
learning .  Obviousl y th e performanc e o f  pseudorehearsa l 
base d method s wil l  b e greatl y influence d b y th e natur e o f 
thi s learnin g process .  Network s whic h hav e bee n traine d s o 
as t o generalis e wel l  (fi t  th e bas e populatio n dat a point s 
wit h a  smooth ,  compac t  function )  wil l  i n genera l  generat e 
usefu l  pseudoitem s tha t  preserv e th e structur e o f  th e bas e 
populatio n well .  Network s whic h d o no t  generalis e wel l  (fi t 
th e bas e populatio n dat a point s wit h a  nois y function )  wil l 
not  necessaril y  generat e usefu l  pseudoitems .  A s goo d 
generalisatio n i s fi-equently  a  specifi c  objectiv e o f  training , 
however ,  ther e ar e a  wid e rang e o f  technique s whic h ca n b e 
applie d t o constrai n a  networ k t o lear n compac t  function s 
(se e fo r  exampl e M o o d y (1994)) . 

Comparing the methods 

The essenc e o f  preventin g catastrophi c forgettin g i s t o 
localis e change s t o th e functio n learne d b y th e network . 
Rehearsa l  accomplishe s thi s b y relearnin g th e origina l 
trainin g dat a point s durin g ne w training .  Pseudorehearsa l 
accomplishe s thi s b y relearnin g othe r  point s randoml y 
chose n fi-om  th e functio n durin g ne w trainin g (se e Frea n & 
Robin s (1997 )  fo r  furthe r  discussion) .  I n short ,  rehearsa l  / 
pseudorehearsa l  work s directl y wit h th e functio n t o localis e 
changes .  Method s base d o n reducin g th e overla p o f  hidde n 
uni t  pattern s wor k indirectl y b y manipulatin g th e 
"representation "  o f  th e functio n withi n th e network .  Th e 
tw o approache s ar e relate d i n tha t  som e sharpenin g o f  hidde n 
uni t  representation s emerge s naturall y fro m th e rehearsa l  / 
pseudorehearsa l  process . 

I n orde r  t o explor e hidde n uni t  representation s thi s 
simulatio n use s th e Iri s populatio n an d a  back-propagatio n 

networ k o f  th e sam e architectur e an d parameter s a s th e 
simulation s above .  Onc e agai n th e networ k i s traine d o n a 

Rehearsa l  Pseudorehearsa l 

c (b ) 
•2 •  '^ _ 

•s 

(c ) 

M l 

1 2 3  4 

Hidde n Unit s 

1 2 3  4 

Hidde n Unit s 

Figur e 4 :  Hidde n uni t  activations . 

base population of 30 irises drawn from one species, and 
subsequentl y o n 2 0 individua l  irise s draw n fro m a  secon d 
species . 

The hidde n uni t  pattern s o f  activatio n afte r  th e learnin g o f 
th e bas e populatio n an d afte r  subsequen t  learnin g o f  th e ne w 
item s ar e represente d i n Figur e 4 .  Eac h grap h show s th e 
representation s o f  th e bas e populatio n (fille d bars )  afte r 
learning ,  wher e a  representatio n consist s o f  th e activatio n o f 
th e network' s 4  hidde n unit s arrange d i n orde r  o f  mos t  t o 
leas t  activ e (average d ove r  al l  item s i n th e population) .  Fo r 
th e rehearsa l  conditio n (graph s (a )  t o (c)) ,  grap h (a )  show s 
th e representatio n o f  th e bas e populatio n afte r  it s initia l 
learning .  Grap h (b )  show s tha t  thi s representatio n ha s bee n 
somewhat  sharpene d afte r  th e 2 0 ne w item s hav e bee n adde d 
t o th e networ k usin g rehearsal .  Grap h (c )  show s th e sam e 
representatio n o f  th e bas e populatio n a s grap h (b )  an d 
contrast s i t  wit h th e representatio n o f  th e 2 0 learne d ne w 
item s (unfille d bars) .  Graph s (d )  t o (f )  sho w equivalen t 
result s usin g pseudorehearsa l  instea d o f  rehearsal . 

For  bot h rehearsa l  an d pseudorehearsa l  condition s th e 
subsequen t  learnin g o f  th e ne w ite m populatio n result s i n a 
somewhat  "sharper "  representatio n o f  th e bas e population . 
Particularl y i n th e rehearsa l  condition ,  th e representation s o f 
bot h th e bas e an d ne w ite m population s (se e Figur e 4  (c )  an d 
(f) )  hav e th e sam e for m a s hidde n uni t  representation s 
generate d b y French' s (1994 )  contex t  biasin g metho d (se e 
Figur e 2(c)) ,  bein g usefull y "distribute d bu t  separated" .  W e 
sugges t  tha t  i n genera l  th e tendenc y t o develo p distribute d 
but  separate d hidde n uni t  representation s wil l  emerg e 
naturall y fro m rehearsa l  base d processes .  Thi s "localisatio n 
of  representation "  ma y b e on e o f  th e mechanism s b y whic h 
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th e rehearsa l  processe s achiev e loca l  change s t o th e bas e 
populatio n functio n i n a  neura l  network . 

A reductio n i n overla p als o emerge s naturall y fro m McRa e 
and Hetherington' s (1993 )  pretrainin g method .  Thi s ma y 
accoun t  fo r  th e fac t  tha t  bot h pretrainin g an d rehearsa l  ar e 
abl e t o actuall y preven t  catastrophi c forgetting ,  wherea s i n 
genera l  technique s tha t  directl y modif y th e learnin g 
algorith m jus t  ameliorat e it s effect s a s note d above .  A 
relevan t  observatio n fro m ou r  curren t  simulatio n i s tha t  i n 
onl y a  minorit y o f  case s (1 1 ou t  o f  5 0 replication s o f  th e 
simulatio n fo r  rehearsal ,  an d 1 3 ou t  o f  5 0 replication s fo r 
pseudorehearsal )  ar e th e tw o hidde n unit s tha t  ar e mos t  activ e 
afte r  th e bas e populatio n ha s bee n learne d (i.e .  part s (a )  an d 
(d )  i n Figur e 4 )  th e sam e unit s a s th e tw o mos t  activ e unit s 
afte r  th e ne w item s hav e als o bee n learne d (i.e .  part s (b )  an d 
(e )  i n Figur e 4) .  I n general ,  then ,  th e representatio n 
develope d durin g th e rehearsa l  proces s has  involve d a 
significan t  re-ordering  o f  th e unit s a s wel l  a s a n overal l 
sharpening .  Thi s suggest s tha t  considerabl e flexibilit y  m a y 
be neede d t o develo p appropriat e hidde n uni t  representations , 
wherea s an y modificatio n t o th e learnin g algorith m tha t 
directl y sharpen s pattern s o f  activatio n work s agains t 
flexibilit y  b y ftirther  entrenchin g establishe d patterns . 

Frenc h (1994 )  note s tha t  ver y spars e representation s m a y 
generalis e poorly ,  an d thi s i s on e o f  th e motivation s fo r  hi s 
use o f  contex t  biasin g t o develo p distribute d bu t  separate d 
representations .  Th e simila r  representation s emergen t  fro m 
th e rehearsa l  an d pseudorehearsa l  processe s no t  onl y preserv e 
th e bas e population ,  bu t  the y als o maintai n goo d 
generalisatio n performanc e (a s i s characteristi c o f  bot h neura l 
network s an d huma n cognition )  o n tha t  bas e population . 
Durin g th e trainin g an d testin g o f  th e bas e populatio n 
describe d abov e th e performanc e o f  th e networ k o n a  tes t 
populatio n wa s als o assessed .  Th e tes t  populatio n consiste d 
of  a  furthe r  2 0 example s draw n fro m th e sam e specie s o f  iri s 
as th e 3 0 bas e populatio n items .  Ever y tim e th e averag e 
erro r  o f  th e bas e populatio n wa s compute d (i.e .  fo r  eac h tria l 
fro m 0  t o 2 0 ne w items )  th e averag e erro r  o f  th e tes t 
populatio n wa s als o computed .  Fo r  bot h rehearsa l  an d 
pseudorehearsa l  th e erro r  o f  th e tes t  populatio n ove r  al l  2 1 
trial s typicall y exceede d th e averag e erro r  o f  th e bas e 
populatio n b y n o mor e tha n 0.005 .  Not e tha t  i t  i s  no t  th e 
cas e tha t  th e network s ar e generalisin g wel l  simpl y becaus e 
the y hav e learne d t o autoassociat e an y inpu t  (se e th e 
discussio n o f  discriminabilit y  i n Robin s (1995 )  an d Sharke y 
and Sharke y (1995)) .  Network s traine d o n al l  15 0 irise s t o 
criterio n an d subsequentl y teste d o n 15 0 randoml y 
constructe d autoassociativ e item s produc e a n averag e erro r  o f 
0.15 8 fo r  th e rando m populatio n (cf .  0.0 1 fo r  th e Iri s 
population) . 

Discussion 

To summarise ,  catastrophi c forgettin g i s a  natura l 
consequenc e o f  a n neura l  networ k styl e o f  learnin g an d 
affect s a  wid e rang e o f  networks .  O n e famil y o f  solution s 
has bee n propose d whic h focuse s o n reducin g th e overla p o f 
hidde n uni t  representations .  S o m e o f  thes e method s ar e 
effectiv e a t  reducin g catastrophi c forgettin g i n specifi c 
circumstances ,  other s reduc e i t  i n th e sens e tha t  th e disrupte d 
bas e populatio n i s abl e t o b e quickl y retrained .  A  secon d 

famil y o f  solution s i s base d o n rehearsin g som e previousl y 
learne d item s a s ne w item s ar e adde d t o th e network ,  bu t 
thes e method s requir e th e separat e storag e o f  al l  previousl y 
learne d informatio n s o tha t  i t  i s  availabl e fo r  relearning . 

Pseudorehearsa l  i s  ver y lik e rehearsa l  bu t  doe s no t  requir e 
acces s t o ol d information .  Instead ,  pseudorehearsa l 
approximate s ol d informatio n a s neede d b y randoml y 
samplin g th e behaviou r  o f  th e network .  Bot h method s 
wor k b y forcin g change s mad e t o th e functio n embodie d b y 
th e networ k t o b e loca l  t o th e n e w informatio n bein g 
learned .  Rehearsa l  /  pseudorehearsa l  method s ar e relate d t o 
othe r  propose d solution s t o th e catastrophi c forgettin g 
proble m i n tha t  the y naturall y resul t  i n a  sharpenin g o f 
hidde n uni t  representations .  (I n contras t  t o othe r  method s 
however ,  hidde n unit s ar e als o reordered ,  implyin g tha t 
considerabl e flexibilit y  m a y b e require d t o full y  exploi t 
sharpening) . 

Th e mai n significanc e o f  thes e method s i s tha t  the y 
provid e a  practica l  wa y o f  extendin g th e capabilitie s o f 
curren t  neura l  networ k learnin g algorithm s t o allo w 
sequentia l  learnin g (learnin g ne w informatio n a t  an y time) . 
Thi s shoul d enabl e a  rang e o f  topics ,  includin g th e 
consolidatio n o f  newl y learne d information ,  ongoin g / 
lifelon g learning ,  developmenta l  effects ,  an d als o transfe r 
effect s (se e fo r  exampl e Robin s (1997)) ,  t o b e mor e easil y 
modelle d withi n th e neura l  networ k framework . 

I n Robin s (1996 )  w e hav e als o argue d mor e specificall y 
pseudorehearsa l  ca n b e relate d t o th e "slee p consolidation " 
hypothesis .  I f  th e catastrophi c forgettin g proble m ha s 
occurre d durin g th e evolutio n o f  th e brai n the n a  specifi c 
solution ,  a  mechanis m fo r  consolidatin g knowledge ,  i s 
obviousl y required .  Th e slee p consolidatio n hypothesi s 
propose s tha t  newl y learne d informatio n i s consolidate d int o 
lon g ter m memor y durin g slee p (se e fo r  exampl e Winso n 
(1990)) .  Ther e ar e a  numbe r  o f  similaritie s betwee n 
pseudorehearsa l  an d slee p consolidation .  Bot h serv e th e 
functio n o f  consolidatio n withou t  requirin g explici t  acces s t o 
th e ol d informatio n (previou s learnin g experiences )  fo r 
relearning .  Bot h involv e th e rando m stimulatio n o f  th e 
"lon g ter m memory" ,  pseudorehearsa l  b y th e constructio n o f 
rando m pseudoitems ,  an d slee p i n th e stimulatio n o f  th e 
neocorte x b y rando m o r  chaoti c inpu t  fro m th e brainstem . 
Robin s (1996 )  describe s thes e similaritie s i n mor e depth . 

Extendin g rehearsa l  an d pseudorehearsa l  method s t o othe r 
networ k type s ha s resulte d i n som e interestin g insights .  I n 
contras t  t o th e fee d forwar d "functio n approximation " 
network s describe d i n thi s paper ,  Hopfiel d network s ar e 
recurren t  "dynamica l  systems" .  A s show n b y Robin s & 
McCal lu m (1998) ,  rehearsa l  an d pseudorehearsa l  (wher e 
pseudoitem s ar e randoml y chose n attractor s i n th e network ) 
ar e bot h effectiv e i n thi s context ,  bu t  th e distinctio n betwee n 
th e method s start s t o brea k down .  Randoml y samplin g th e 
attractor s o f  a  networ k result s i n bot h nove l  "spurious " 
attractor s an d als o actua l  attractor s correspondin g t o learne d 
items .  Eithe r  ca n b e effectivel y rehearse d t o minimis e 
catastrophi c forgetting .  W e ar e currentl y explorin g th e 
relationshi p betwee n thi s relearnin g effect ,  an d th e 
unlearnin g mode l  o f  Cric k &  Mitchiso n (1983 ,  1986 )  a s a 
model  o f  th e consolidatio n o f  informatio n durin g sleep . 
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