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Abstrac t 

In connectionist networks, newly-learned 
informatio n ca n completel y destro y previously -
learne d informatio n unles s th e networ k i s 
continuall y retraine d o n th e ol d information . 
Thi s behavior ,  know n a s catastrophi c forgetting , 
i s unacceptabl e bot h fo r  practica l  purpose s an d 
as a  mode l  o f  mind .  Thi s pape r  advance s th e 
clai m tha t  catastrophi c forgettin g i s a  direc t 
consequenc e o f  th e overla p o f  th e system' s 
distribute d representation s an d ca n b e reduce d 
by reducin g thi s overlap .  A  simpl e algorith m i s 
presente d tha t  allow s a  standar d feedforwar d 
backpropagatio n networ k t o develo p semi -
distribute d representations ,  thereb y 
significantl y reducin g th e proble m o f 
catastrophi c forgetting . 

Introductio n 
Catastrophi c forgettin g i s th e inabilit y o f  a 

neura l  networ k t o retai n ol d informatio n i n th e 
presenc e o f  new .  N e w informatio n destroy s ol d 
unles s th e ol d informatio n i s continuall y relearne d b y 
th e ne t  McCloske y &  C o h e n [1990 ]  an d Ratclif T 
[1989 ]  hav e demonstrate d tha t  thi s i s  a  seriou s 
proble m wit h connectionis t  networks .  A  relate d 
proble m i s  tha t  connectionis t  network s ar e no t 
sensitiv e t o overtraining .  A  networ k traine d 100 0 
times  t o associat e a  patter n A  wit h a  patter n A '  wil l 
forge t  tha t  fac t  jus t  a s quickl y a s woul d a  networ k 
traine d o n tha t  associatio n fo r  10 0 cycles .  Clearly ,  thi s 
behavio r  i s unacceptabl e a s a  mode l  o f  mind ,  a s wel l 
as fro m a  purel y practica l  standpoint .  O n c e a 
networ k ha s thoroughl y learne d a  se t  o f  patterns ,  i t 
shoul d b e abl e t o lear n a  completel y ne w se t  an d stil l 
be abl e t o recal l  th e first  se t  wit h relativ e ease .  I n thi s 
pape r  I  wil l  sugges t  tha t  catastrophi c forgettin g arise s 
becaus e o f  th e overla p o f  distribute d representation s 
and I  wil l  presen t  a n algorith m tha t  wil l  allo w a 
standar d feedforwar d backpropagatio n (FFBP ) 
networ k t o overcom e t o a  significan t  exten t  th e 
problem s o f  catastrophi c forgettin g an d insensitivit y 
t o overtraining . 

Catastrophi c forgettin g a n d t h e over la p o f 

representat ion s 
I  sugges t  th e followin g relatio n betwee n 

catastrophi c forgettin g an d representation s i n a 
distribute d system : 

Catastrophic forgetting is a direct 
consequenc e o f  th e overla p o f 
distribute d representation s an d ca n b e 
reduce d b y reducin g thi s overlap . 

Very local representations will not exhibit 
catastrophi c forgettin g becaus e ther e i s  littl e 
interactio n a m o n g representations .  Conside r  th e 
extrem e exampl e o f  a  look-u p tabl e wher e ther e i s n o 
overla p a t  al l  a m o n g representations .  Ther e i s n o 
catastrophi c forgetting ;  n e w informatio n ca n b e 
adde d withou t  interferin g a t  al l  wit h ol d information . 
However ,  becaus e o f  it s  completel y loca l 
representations ,  a  look-u p tabl e lack s th e all -
importan t  abilit y  t o generalize . 

At  th e othe r  extrem e ar e full y distribute d 
network s wher e ther e i s  considerabl e interactio n 
a m o ng representations .  Thi s interactio n i s 
responsibl e fo r  th e networks '  generalizatio n ability . 
On th e othe r  hand ,  thes e network s ar e severel y 
affecte d b y catastrophi c forgetting . 

T h e mora l  o f  th e stor y i s tha t  yo u can' t  hav e i t 
bot h ways .  A  syste m tha t  develop s highl y distribute d 
representation s wil l  b e abl e t o generaliz e bu t  wil l 
suffe r  fi-om  castastrophi c forgetting ;  conversely ,  a 
syste m tha t  develop s ver y loca l  representation s wil l 
no t  suffe r  fro m catastrophi c forgetting ,  bu t  wil l  los e 
some o f  it s  abilit y t o generalize .  T h e challeng e i s t o 
develo p system s capabl e o f  producin g semi -
distribute d representation s tha t  ar e loca l  enoug h t o 
overcom e catastrophi c forgettin g ye t  tha t  ar e 
sufFicientl y distribute d t o nonetheles s allo w 
generalization . 

I n wha t  follows ,  I  wil l  examin e tw o distribute d 
system s tha t  d o no t  suffe r  fro m catastrophi c 
forgetting .  Bot h o f  thes e system s wor k becaus e thei r 
representation s ar e no t  full y  distribute d ove r  th e 
entir e memory ,  bu t  rathe r  ar e semi-distribute d an d 
henc e exhibi t  limite d representatio n overlap ,  a t  leas t 
prio r  t o m e m o r y saturation .  Finally ,  I  wil l  presen t  a 
simpl e metho d tha t  allow s standar d layere d 
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feedforwar d backpropagatio n network s t o develo p 

semi-distribute d representation s i n tli e hidde n layer . 

Not  onl y doe s thi s metho d appea r  t o dramaticall y 
reduc e catastrophi c forgettin g bu t  i t  als o allow s th e 
system' s representation s t o partiall y  reflec t  tli e degre e 
t o whic h a  particula r  patter n ha s bee n learned .  Eve n 
afte r  a  particula r  patter n ha s bee n learned , 
overlearnin g continue s t o modif y connectio n weight s 
i n suc h a  wa y tha t  unlearnin g o f  tli e patter n wil l  b e 
made mor e difTjcult . 

Two examples of semi-distributed represen-

tation s 
I  wil l  briefl y examin e tw o system s tha t  produc e 

semi-distribute d representations .  I n botl i  systems , 
assumin g tha t  the y ar e no t  saturated ,  ther e i s littl e 
overla p o f  th e representation s produced .  Fo r  iJii s 
reason ,  the y exhibi t  littl e catastrophi c forgetting . 

Sparse Distributed Memory 
Spars e Distribute d Memor y (hereafter ,  S D M 

[Kanerv a 1988] )  i s  a n auto-associative ,  content -
addressabl e memor y typicall y consistin g o f  on e 
millio n 1000-bi t  "memor y locations" .  Th e memor y i s 
calle d "sparse "  becaus e i t  use s onl y on e millio n 

location s ou t  o f  a  possibl e 2  (i.e. ,  1 0 o f 

approximately 10 possible locations). At each of 
thes e location s ther e i s a  vecto r  o f  100 0 integers , 
calle d "counters" .  N e w dat a ar e represente d i n th e 
syste m a s follows :  I f  w e wis h t o writ e a  particula r  1000 -
bi t  strin g t o thi s memory ,  w e selec t  al l  memor y 
location s tha t  ar e withi n a  Hammin g distanc e o f  45 0 
bit s o f  th e writ e address .  Thi s give s u s approximatel y 
1000 location s (i.e .  0.1 % o f  al l  o f  th e entir e addres s 
space) .  Whereve r  ther e i s a  1  i n th e bit-strin g t o b e 
writte n t o memory ,  w e incremen t  th e correspondin g 
counte r  i n eac h o f  th e vector s a t  th e 100 0 memor y 
locations ;  whereve r  ther e i s a  0 ,  w e decremen t  th e 
correspondin g counter .  Thi s i s clearl y a  semi -
distribute d representatio n o f  th e inpu t  data :  storag e 
of  th e bit-strin g i s distribute d ove r  100 0 differen t 
memory location s bu t  thes e 100 0 memor y location s 
accoun t  fo r  a  mer e 0.1 % o f  th e tota l  availabl e 
memory. 

Thi s syste m ca n easil y stor e ne w informatio n 
withou t  interferin g wit h previousl y store d informatio n 
as lon g a s th e representation s d o no t  overla p to o 
much.  A s soo n a s th e memor y start s t o becom e 
saturate d (a t  somewha t  les s tha n 100,00 0 word s 
writte n t o memory) ,  ther e i s interferenc e amon g 
representations ,  an d learnin g ne w informatio n begin s 
t o interfer e wit h th e old .  I n thi s case ,  no t  onl y i s 
ther e forgettin g o f  th e ol d informatio n bu t  th e ne w 
informatio n canno t  b e store d either . 

ALCOVE 
ALCOVE [Kruschk e 1990 ]  i s a  compute r 

memory mode l  base d o n Nosofsky' s exempla r 
memory mode l  [Nosofsk y 1984] .  Thi s mode l  doe s 
not  suffe r  fro m th e phenomeno n o f  catastrophi c 
forgettin g note d b y RatclifFan d McCloske y &  Cohen . 

As w e wil l  see ,  ALCOVE,  lik e SDM,  use s semi -
distribute d representations . 

A L C O VE i s a  three-laye r  feed-forwar d networ k 

i n whic h th e activatio n o f  a  nod e i n th e hidde n laye r 
i s inversel y exponentiall y  proportiona l  t o th e distanc e 
betwee n th e hidde n nod e positio n an d th e inpu t 
stimulu s position .  Th e hidde n laye r  ca n b e regarde d 

as a  "covering "  o f  th e inpu t  layer .  Th e invers e 
exponentia l  activatio n functio n ha s th e effec t  o f 
producin g a  localize d receptiv e field  aroun d eac h 
hidde n node ,  causin g i t  t o respon d onl y t o a  limite d 
par t  o f  th e inpu t  field.  Thi s kin d o f  localizatio n doe s 
not  exis t  i n standar d FFB P networks .  Thi s syste m 
therefor e represent s it s input s i n a  semi-distribute d 
manner ,  wit h onl y a  fe w hidde n node s takin g par t  i n 
th e representatio n o f  a  give n input . 

The architectur e o f  A L C O VE i s suc h tha t  th e 
representatio n o f  ne w inputs ,  especiall y o f  ne w input s 
tha t  ar e no t  clos e t o already-learne d patterns ,  wil l  no t 
overla p significantl y wit h th e ol d representations . 
Thi s mean s tha t  th e se t  o f  weight s tha t  produce d th e 
ol d representation s wil l  remai n largel y unaffecte d b y 
ne w input . 

As i n S D M,  th e representation s i n A L C O VE ar e 
als o somewha t  distributed ,  conferrin g o n th e syste m 
it s abilit y  t o generalize .  W h e n th e widt h o f  th e 
receptiv e fields  a t  eac h nod e i s increased ,  thereb y 
makin g eac h representatio n mor e distribute d an d 
causin g greate r  overla p amon g representations ,  th e 
amount  o f  interferenc e amon g representation s 
increases . 

Semi-distributed representations in FFBP 

network s 
I f  catastrophi c forgettin g coul d b e reduced ,  th e 

orde r  i n whic h input s ar e presente d t o th e networ k 
woul d b e les s important .  Trainin g coul d b e don e 
eithe r  sequenUall y o r  concurrenUy .  I n othe r  words , 
th e artificia l  constrain t  o f  requirin g trainin g dat a t o 
be presente d t o th e networ k i n a n interleave d fashio n 
coul d b e relaxed .  If ,  i n addition ,  th e representation s 
als o reflecte d th e amoun t  o f  trainin g require d t o 
produc e them ,  i t  migh t  b e possibl e t o produc e a 
syste m tha t  woul d bette r  mode l  overlearnin g tha n 
standar d FFB P networks .  A n initia l  attemp t  t o reduc e 
catastrophi c forgettin g wit h semi-distribute d 
representation s b y differentiall y  modifyin g th e 
learnin g rate s o f  th e connection s i n th e networ k wa s 
describe d i n [Frenc h &  Jone s 1991] .  Whil e thi s 
techniqu e gav e promisin g result s o n ver y smal l 
networks ,  i t  faile d t o scal e u p t o large r  networks .  Th e 
algorith m presente d below ,  usin g a  differen t 
technique ,  allow s semi-distribute d representation s t o 
evolv e tha t  significantl y reduc e catastrophi c 
forgetting . 

Activation overlap and representational 

interferenc e i n F F B P network s 
Catastrophi c forgettin g i s closel y relate d t o th e 

much-studie d phenomeno n o f  crosstalk .  Th e 
discussio n o f  crosstal k ha s traditionall y involve d th e 
capacit y o f  a  networ k t o stor e informatio n [WiUsha w 
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1981] :  abov e a  certai n capacity ,  distribute d network s 

can n o longe r  stor e ne w informatio n withou t 
destroyin g old .  I n standar d backpropagatio n models , 
ther e i s a  muc h mor e seriou s problem .  A s thing s 
currend y stand ,  FFB P network s wil l  no t  wor k a t  al l 
withou t  artificiall y  interleave d trainin g sets .  Eve n 
when th e networ k i s nowher e nea r  it s theoretica l 
storag e capacity ,  learnin g a  singl e ne w inpu t  ca n 
completel y disrup t  al l  o f  th e previousl y learne d 
information .  Catastrophi c forgettin g i s crosstal k wit h 
a vengeance . 

A feedforwar d backpropagatio n networ k 
represent s it s input s a s activatio n pattern s o f  unit s i n 
th e hidde n layer .  Th e amoun t  o f  interactio n amon g 
representation s wil l  b e measure d b y thei r  degre e o f 
"activatio n overlap" .  Th e activatio n overla p o f  a 
number  o f  representation s i n th e hidde n laye r  i s 
define d a s thei r  averag e share d activatio n ove r  al l  o f 
th e unit s i n th e hidde n layer .  Fo r  example ,  i f  ther e 
ar e fou r  hidde n unit s an d th e representatio n fo r  on e 
inpu t  i s  (0.2 ,  0.1 ,  0.9 ,  0.1 )  an d fo r  a  secon d i s (0.2 , 
0.0 ,  1.0 ,  0.2) ,  w e calculat e activatio n overla p b y 
summin g th e smalle r  o f  th e tw o activation s (th e 
"shared "  activation )  o f  eac h uni t  an d averagin g ove r 
al l  o f  th e units .  Her e th e activatio n overla p woul d b e 
(0.2 + 0.0 + 0. 9 +  0.1)7 4 =  0.3 . 

I  sugges t  tha t  th e amoun t  tha t  tw o 
representation s interfer e wit h on e anothe r  i s directl y 
proportiona l  t o thei r  amoun t  o f  activatio n overlap . 
For  example ,  conside r  th e tw o followin g activatio n 
patterns :  (1 ,  0 ,  0 ,  0 )  an d (0 ,  0 ,  1 ,  0) .  Thei r  activatio n 
overla p i s 0 .  Regardles s o f  th e weight s o f  th e 
connection s betwee n th e hidde n laye r  an d th e outpu t 
layer ,  ther e wil l  b e n o interferenc e i n th e productio n 
of  tw o separat e outpu t  patterns .  Bu t  a s activatio n 
overla p increases ,  s o doe s th e leve l  o f  interference . 

Therefore ,  i f  w e ca n find a  wa y t o coa x th e 
networ k t o produc e representation s wit h a s littl e 
activatio n overla p a s possible ,  w e shoul d b e abl e t o 
significantl y reduc e catastrophi c forgetting . 

Sharpening the activation of hidden units 
A techniqu e tha t  I  cal l  "activatio n sharpening " 

wil l  allo w a n FFB P syste m t o graduall y develo p semi -
distribute d representation s i n th e hidde n layer . 
Activatio n sharpenin g consist s o f  increasin g th e 
activatio n o f  som e numbe r  o f  th e mos t  activ e hidde n 
unit s b y a  smal l  amount ,  slightl y decreasin g th e 
activatio n o f  th e othe r  unit s i n a  simila r  fashion ,  an d 
the n changin g th e input-to-hidde n laye r  weight s t o 
accommodat e thes e changes .  Th e ne w activatio n fo r 
node s i n th e hidde n laye r  i s calculate d a s follows : 

A = A , ,+a(l- A ,j )  fo r  th e node s t o b e 
new ol d ^  old ' 

sharpened ; 

for the other nodes; 

wher e a  i s th e sharpenin g factor . 

\ e w "  ̂ ol d ~  "^ol d 

The ide a behin d thi s i s th e following .  Node s 
whose activatio n value s ar e clos e t o 1  wil l  hav e a  fa r 

mor e significan t  effec t  o n th e output ,  o n average , 
tha n node s wit h activation s clos e t o 0 .  I f  th e syste m 
coul d evolv e representation s wit h a  fe w highl y 
activate d nodes ,  rathe r  tha n man y node s wit h averag e 
activatio n levels ,  thi s woul d reduc e th e averag e 
amount  o f  activatio n overla p amon g representations . 
Thi s shoul d resul t  i n a  decreas e i n catastrophi c 
forgetting .  I n addition ,  becaus e sharpenin g occur s 
graduall y ove r  th e cours e o f  learnin g an d continue s 
eve n afte r  a  particula r  associatio n ha s bee n learned , 
th e representation s develope d wil l  reflec t  th e amoun t 
of  trainin g tha t  i t  too k t o produc e them . 

Let  u s conside r  one-nod e sharpening .  O n eac h 
pass w e find  th e mos t  activ e node ,  increas e it s 
activatio n slightl y an d decreas e th e activation s o f  th e 
othe r  nodes .  T o preserv e thes e change s w e the n 
backpropagat e th e differenc e betwee n th e pre -
sharpene d activatio n an d th e sharpene d activatio n t o 
th e weight s betwee n th e inpu t  laye r  an d th e hidde n 
layer .  Her e ar e th e detail s o f  thi s activatio n sharpen -
in g algorith m fo r  A-nod e sharpening : 

• Perform a forward-activation pass from the 
inpu t  laye r  t o th e hidde n layer .  Recor d th e 
activation s i n th e hidde n layer ; 
•  "Sharpen "  th e activation s o f  A  nodes ; 
•  Usin g th e differenc e betwee n th e ol d activa -
tio n an d th e sharpene d activatio n o n eac h nod e a s 
"error" ,  backpropagat e thi s erro r  t o th e inpu t 
layer ,  modifyin g th e weight s betwee n th e inpu t 
laye r  an d th e hidde n laye r  appropriately ; 
•  D o a  ful l  forwar d pas s fro m th e inpu t  laye r  t o 
th e outpu t  layer . 
•  Backpropagat e a s usua l  fro m th e outpu t  laye r 
t o th e inpu t  layer ; 
•  Repea t 

Alternative Implementations of the 

Algorith m 
The experiment s describe d belo w wer e ru n 

usin g th e "backpropagation-and-a-hal f  algorith m 
describe d above .  However ,  fo r  one-nod e sharpening , 
latera l  inhibitor y link s amon g th e node s o f  th e 
hidde n laye r  migh t  achiev e a  simila r  effect .  Thes e 
inhibitor y link s woul d allo w th e nod e wit h th e highes t 
activatio n t o dam p th e activatio n o f  th e othe r  les s 
activ e nodes ,  thereb y effectivel y "sharpening "  th e 
activatio n o f  th e mos t  activ e nod e wit h respec t  t o th e 
others .  I t  i s  les s clea r  ho w sharpenin g o f  tw o o r  mor e 
node s coul d b e achieve d i n a  straightforwar d manne r 
by mean s o f  latera l  inhibitor y connections . 

Experimental results 
The experiment s consiste d o f  trainin g (an d 

overtraining )  a n 8-8- 8 feedforwar d backpropagatio n 
networ k o n a  se t  o f  eleve n associations .  Th e learnin g 
rat e wa s 0. 2 an d momen tu m 0.9 .  Th e networ k wa s 
the n presente d wit h a  ne w association .  Afte r  thi s ne w 
associatio n ha d bee n learned ,  on e o f  th e association s 
fro m th e first  se t  wa s chose n an d teste d t o se e ho w 
wel l  th e syste m remembere d it .  O n th e first 
presentatio n o f  thi s previousl y learne d association . 
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th e networ k invariabl y di d ver y badly .  Th e 
max imu m erro r  ove r  al l  outpu t  node s wa s almos t 
alway s greate r  tha n 0.9 5 an d th e averag e erro r 
greate r  tha n 0.5 .  Th e amoun t  o f  memor y refres h 
require d fo r  a  standar d backpropagatio n networ k t o 
relear n thi s associatio n wa s recorde d an d compare d 
t o a  networ k wit h one-node ,  two-node ,  three-node , 
etc .  sharpening .  I n eac h cas e th e sharpenin g facto r 
was 0.2 .  Th e result s ar e give n i n Figur e la .  (Note : 
0-nod e sharpenin g i s standar d backpropagation. )  I t 
can b e see n tha t  one-node ,  two-nod e an d three -
nod e sharpenin g perfor m dramaticall y bette r  tha n a 
standar d FFB P network . 

Over  twent y separat e runs ,  th e standar d 
FTBP networ k require d a n averag e o f  33 0 cycle s t o 
relear n th e previously-learne d association .  Thi s 
figur e droppe d t o 8 1 cycle s fo r  one-nod e 
sharpenin g an d t o 5 8 cycle s fo r  two-nod e 
sharpening .  (Note :  al l  run s wer e terminate d a t  50 0 
cycles. )  W h e n th e activation s o f  thre e o r  mor e 
node s wer e sharpened ,  th e amoun t  o f  relearnin g 
bega n t o ris e again .  Wit h three-nod e sharpenin g 
175 cycle s wer e required .  Wit h four-nod e (32 6 
cycles )  an d five-node  (34 6 cycles )  sharpening ,  th e 
modifie d syste m doe s n o bette r  tha n standar d 
backpropagation .  Abov e this ,  i t  doe s significantl y 
worse .  [Figur e la ] 

The tw o graph s i n Figure s l a an d l b sugges t 
tha t  amoun t  o f  memor y refres h require d varie s 
directl y wit h th e amoun t  o f  activatio n overla p 
among representations .  Figur e l b show s th e 
amount  o f  activatio n overla p o f  th e eleve n 
originally-learne d input s wit h variou s degree s o f 
activation-sharpening .  (A s befor e " 0 node s 
sharpened "  indicate s standar d backpropagation. )  I n 

general ,  th e les s activatio n overlap ,  th e les s th e 
catastrophi c forgettin g a s measure d b y th e numbe r 
of  cycle s require d t o relear n a  previously-learne d 
pattern . 

I n Figur e 2  w e ca n se e th e effec t  o f  thi s 
sharpenin g algorith m o n th e representation s o f  on e 
association .  Fo r  eac h o f  twent y runs ,  th e activatio n 
pattern s o n th e hidde n node s a t  th e en d o f  th e 
initia l  trainin g perio d wer e recorded .  Th e node s i n 
eac h o f  th e twent y run s wer e sorte d accordin g t o 
thei r  activatio n level s an d thes e figures  wer e the n 
averaged .  A s migh t  b e expected ,  fo r  standar d 
backpropagatio n th e distributio n o f  activation s ove r 
th e eigh t  node s wa s approximatel y uniform .  Thi s 
give s a n activatio n profil e fro m th e mos t  activ e 
node s t o leas t  activ e node s o f  approximatel y 
constan t  slope .  However ,  th e resul t  o f  one-nod e 
sharpenin g i s quit e dramatic ;  on e o f  th e eigh t  node s 
was muc h mor e activ e tha n th e othe r  seven .  Th e 
same phenomeno n ca n b e observe d fo r  th e othe r 
experiment s wher e tw o o r  mor e node s wher e 
sharpened . 

Why does activation sharpening work? 
Let  u s examin e wh y activatio n sharpenin g 

reduce s catastrophi c forgetting .  Conside r  two-nod e 
sharpening .  A s th e syste m learn s th e first  se t  o f 
associations ,  i t  develop s a  se t  o f  sharpene d 
representation s i n th e hidde n layer .  A  ne w 
associatio n i s the n presente d t o th e network . 
Activatio n sharpenin g immediatel y start s t o coa x th e 
ne w representatio n int o a  sharpene d for m wher e 
tw o o f  th e eigh t  hidde n node s ar e highl y activ e an d 
si x ar e not .  Thus ,  ver y earl y on ,  th e newl y 
developin g representatio n wil l  hav e les s chanc e o f 
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activatio n overla p v^t h th e alread y fo rme d 
representation s tha n i n standar d backpropagation , 
wher e th e activatio n i s  sprea d ou t  ove r  al l  eigh t 
nodes . 

Sharpene d activatio n pattern s interfer e les s 
wit h th e weight s o f  th e networ k tha n unsharpene d 
ones .  T h e reaso n fo r  thi s ha s t o d o wit h th e wa y th e 
backpropagatio n algorith m change s weights .  W h e n 
th e activatio n o f  a  n o d e i s  nea r  zero ,  th e weigh t 
change s o f  th e link s associate d wit h i t  ar e small . 
Thus ,  i f  a  significan t  n u m b e r  o f  th e node s i n th e 
ne w representatio n hav e a  ver y lo w activation ,  the n 
th e weight s o n th e connection s t o an d fro m tha t 
nod e wil l  b e modifie d m u c h less ,  o n average ,  tha n 
th e weight s associate d witf i  a  highl y activ e node . 
Therefore ,  th e onl y representation s significand y 
affecte d b y th e n e w representatio n wil l  b e thos e i n 

whic h highl y activ e node s overlap .  Consequently ,  i f 
we reduc e th e probabilit y o f  thi s overla p b y 
activatio n sharpening ,  ther e wil l  b e a  decreas e i n 
th e a m o u n t  o f  disruptio n o f  th e ol d weight s an d 
catastrophi c interferenc e wil l  b e reduced . 

T h e ide a i s t o sharpe n n e w activatio n 
pattern s a s quickl y a s possible ,  thereb y decreasin g 
thei r  potentia l  t o interfer e wit h alread y learne d 
patterns .  Keepin g th e learnin g rat e lo w ( < 0.2 )  wit h 
a relativel y hig h sharpenin g facto r  (0.2 )  allow s n e w 
activatio n pattern s t o b e c o m e sharpene d befor e 
the y hav e a  chanc e t o d o m u c h d a m a g e t o 
previously-learne d weights .  Preliminar y 
experiment s i n fac t  indicat e tha t  a s th e learnin g rat e 
i s decrease d wit h th e sharpenin g facto r  hel d 
constant ,  catastrophi c forgettin g decreases . 

I t  seem s likel y tha t  semi-distribute d 
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representation s wil l  cos t  th e networ k som e o f  it s 

abilit y  t o generalize .  Optima l  generalizatio n 
depend s o n a s muc h informatio n a s possibl e takin g 
par t  i n mappin g fro m th e inpu t  spac e t o th e outpu t 
space .  An y mechanis m tendin g t o reduc e th e 
amount  o f  informatio n brough t  t o bea r  o n a  ne w 
associatio n woul d mos t  likel y reduc e th e qualit y o f 
th e mapping .  I n som e sense ,  activatio n sharpenin g 

force s th e inpu t  dat a throug h a  representationa l 
bottlenec k an d thi s result s i n informatio n bein g 
lost .  Th e exten t  an d severit y o f  thi s los s an d it s 
effec t  o n generalizatio n i s a  subjec t  o f  ongoin g 
study . 

How many nodes should be sharpened? 
Thi s i s a n ope n question .  Fo r  n  node s i n th e 

hidde n layer ,  th e answe r  migh t  b e k  wher e k  i s th e 
smalles t  intege r  suc h tha t  C ,  i s greate r  tlia n th e 

number  o f  inputs .  I n othe r  words ,  a  sufficien t 
number  o f  node s shoul d b e sharpene d t o allo w th e 
existenc e o f  enoug h distinc t  sharpene d 
representation s t o cove r  th e inpu t  space .  T o 
minimiz e th e activatio n overlap ,  th e leas t  suc h 
sufRcien t  numbe r  o f  sharpene d node s shoul d b e 
chosen .  I f  th e numbe r  o f  inpu t  pattern s t o b e 
learne d i s no t  know n i n advance ,  i t  migh t  b e 
reasonabl e t o sharpe n approximatel y lo g n  nodes . 
Thi s estimat e i s base d o n wor k o n crosstal k 
[Willsha w 1981] .  Thi s wor k indicate s tha t  i n a 
distribute d memor y crosstal k ca n b e avoide d whe n 
th e numbe r  o f  activ e unit s fo r  eac h inpu t  patter n i s 
prof)ortiona l  t o th e logarith m o f  th e tota l  numbe r 
of  units .  I t  woul d see m reasonabl e t o appl y thi s 
resul t  t o th e sharpenin g o f  hidden-uni t  activations . 

Conclusion 
I n thi s pape r  I  hav e argue d tha t  catastrophi c 

forgettin g i n distribute d system s i s a  direc t 
consequenc e o f  th e amoun t  o f  overla p o f 
representation s i n tha t  system .  I  hav e furthe r 
suggeste d tha t  th e trade-of f  betwee n catastrophi c 
forgettin g an d generalizatio n i s inevitable .  I t  i s 
claime d tha t  on e wa y t o maintai n generalizatio n 
capabilitie s whil e reducin g catastrophi c forgettin g i s 
t o us e semi-distribute d representations .  T o thi s 
end ,  I  presente d a  simpl e metho d t o allo w a 
feedforwar d backpropagatio n networ k t o 
dynamicall y evolv e it s ow n semi-distribute d 
representations . 

Acknowledgments 
I  woul d lik e t o than k Mar k Weave r  fo r  hi s 

invaluabl e assistanc e wit h th e idea s an d emphasi s o f 
thi s paper .  I  woul d als o lik e t o than k Davi d 
Chalmers ,  Terr y Jones ,  an d th e member s o f  C R CC 
and S E S A ME fo r  thei r  man y helpfu l  comments . 

Bibliography 
Feldman ,  J .  A. ,  [1988] ,  "Connectionis t 

Representatio n o f  Concepts" ,  I n Conneclionis l  Model s 
and Thei r  Implications ,  Waltz ,  D .  an d Feldman ,  J . 

(eds.) .  341-363 . 

French, R. M. and Jones, T. C, [1991], "Differential 
hardenin g o f  lin k weights :  A  simpl e metho d fo r 
decreasin g catastrophi c forgettin g i n neura l 
networks" ,  C R C C Technica l  Repor t  1991-50 .  [T o 
appea r  i n th e Proceeding s ofIJCNN-91. ] 

Hetiierington, P. A. and Seidenberg, M. S., [1989], 

"I s ther e 'catastrophi c interference '  i n connectionis t 
networks?" .  Proceeding s o f  th e 11t h Annua l  Conferenc e 
of  th e Cognitiv e Scienc e Society ,  Hillsdale ,  NJ :  Erlbaum , 
26-33 . 

Kanerva, Pentti, [1988], Sparse Distributed Memory, 
Cambridge ,  MA :  MI T Press . 

Kortge, Chris A., [1990]. "Episodic Memory in 
Connectionis t  Networks" ,  Proceeding s o f  th e 12l h 
Annua l  Conferenc e o f  th e Cognitiv e Scienc e Society , 
Hillsdale ,  NJ :  Erlbaum ,  764-771 . 

Kruschke, J. K., [1990], "ALCOVE: A exemplar-
base d connectionis t  mode l  o f  categor y learning" , 
Indian a Universit y Cognitiv e Scienc e Researc h 
Repor t  19 ,  Februar y 22 ,  1991 . 

McCloskey, M. and Cohen, N. J., [1989], 
"Catastrophi c interferenc e i n connectionis t 
networks :  Th e sequentia l  learnin g problem" ,  Th e 
Psycholog y o f  Learnin g an d Motivation ,  Vol .  24 ,  109 -
165. 

Nosofsky, R. M., [1984], "Choice, similarity and the 
contex t  theor y o f  classification" ,  /  Exp .  Psych . 
Learning ,  Memor y an d Cognition ,  Vol .  10 ,  104-114 . 

RatclifT, R., [1990], "Connections models of 
recognitio n memory :  Constraint s impose d b y 
learnin g an d forgettin g function" .  Psychologica l 
Review ,  Vol .  97 ,  285-308 . 

Sloman, S. and Rumelhart, D., [1991], "Reducing 
interferenc e i n distribute d memorie s throug h 
episodi c gating" .  I n A .  Healy ,  S .  Kosslyn ,  an d R. 
ShifFri n (eds.) ,  Essay s i n Hono r  o f  W.  K  Este s (i n 
press) . 

Weaver, M., [1990], "An active symbol connectionist 
model  o f  concep t  learning "  (unpublishe d 
manuscript) . 

Willshaw, D., [1981], "Holography, associative 
memory,  an d inductiv e generalization" .  I n G.E . 
Hinto n &  J .  A .  Anderso n (eds.) .  Paralle l  model s o f  as -
sociativ e memory .  Hillsdale ,  NJ :  Erlbaum . 

178 


	cogsci_1991_173-178



