
D y n a m i c a l l y constrainin g connectionis t  n e t w o r k s 

t o p r o d u c e distributed ,  o r thogona l  representat ion s 

t o r e d u c e catastrophi c interferenc e 

Rober t  M .  Frenc h 
Willamett e University ,  Salem ,  O R 9730 1 

f r e n c h i w i l l a m e t t e . e d u 

Abstrac t 

It is well known that when a connectionist network is 
traine d o n on e se t  o f  pattern s an d the n attempt s t o ad d ne w 
pattern s t o it s repertoire ,  catastrophi c interferenc e ma y 
result .  Th e us e o f  sparse ,  orthogona l  hidden-laye r 
representation s ha s bee n show n t o reduc e catastrophi c 
interference .  Th e autho r  demonstrate s tha t  th e us e o f  spars e 
representation s may ,  i n certai n cases ,  actuall y resul t  i n 
wors e performanc e o n catastrophi c interference .  Thi s 
paper  argue s fo r  th e necessit y o f  maintainin g hidden-laye r 
representation s tha t  ar e bot h a s highl y distribute d an d a s 
highl y orthogona l  a s possible .  Th e autho r  present s a 
learnin g algorithm ,  calle d context-biasing ,  tha t 
dynamicall y solve s th e proble m o f  constrainin g hidden -
laye r  representation s t o simultaneousl y produc e goo d 
orthogonalit y an d distributedness .  O n th e dat a teste d fo r 
thi s study ,  context-biasin g i s show n t o reduc e catastrophi c 
interferenc e b y mor e tha n 5 0 % compare d t o standar d 
backpropagation . 

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

It is well known that when a connectionist network is 
traine d o n on e se t  o f  pattern s an d the n attempt s t o ad d ne w 
pattern s t o it s repertoire ,  catastrophi c interferenc e — i n othe r 
words ,  th e complet e los s o f  al l  o f  it s previousl y learne d 
informatio n — m a y resul t  (Ratcliff ,  1989 ;  McCloske y & 
Cohen,  1990 ;  Hetheringto n &  Seidenberg ,  1989) .  Thi s 
typ e o f  radica l  forgettin g i s no t  onl y psychologicall y 
implausibl e — learnin g th e name s o f  thre e n e w peopl e doe s 
not  caus e u s t o forge t  th e name s o f  everyon e els e w e hav e 
eve r  me t  — bu t  als o pose s significan t  problem s fo r 
applications-oriente d use s o f  connectionis t  networks . 

Frenc h (1991 )  suggeste d tha t  catastophi c forgettin g wa s 
cause d b y overlappin g (i.e. ,  non-orthogonal )  pattern s o f 
activatio n a t  th e hidde n layer .  A  learnin g technique ,  calle d 
activatio n sharpening ,  wa s propose d tha t  reduce d thi s overla p 
by creatin g "sparse "  representation s (i.e. ,  representation s 
consistin g o f  a  fe w highl y activ e node s an d man y node s wit h 
activatio n level s clos e t o 0) .  Thi s techniqu e di d produc e a 
significan t  decreas e i n catastrophi c forgetting .  A  numbe r  o f 
author s (Murre .  1992 ;  M c R a e &  Hetherington ,  1993 )  als o 
develope d technique s tha t  resulte d i n improve d 
orthogonalizatio n o f  representation s a t  th e hidde n laye r  an d 
they ,  too ,  observe d simila r  decrease s i n catastrophi c 
interference .  Lewandowsk y &  Goebe l  (1991 )  develope d a 
techniqu e fo r  orthogonalizatio n o f  inpu t  vector s tha t  als o 

resulte d i n improve d orthogonalit y o f  representation s a t  th e 
hidde n layer .  Al l  o f  thes e technique s hav e bee n show n t o 
decreas e catastrophi c interference . 

I n thi s pape r  I  wil l  argu e tha t  increase d orthogonalit y o f 
hidden-laye r  representation s i s onl y par t  o f  th e story .  W h e n 
attempt s t o produc e representationa l  orthogonalit y 
excessivel y restric t  o f  th e distributednes s o f  representations , 
ther e m a y b e n o reductio n (o r  eve n a n increase )  i n 
catastrophi c forgettin g compare d t o standar d backpropagatio n 
(Figur e 3) . 

The necessity of orthogonality and 

d i s t r i b u t e d n e s s 

The central claim of this paper is that, in order to reduce 
catastrophi c interference ,  learnin g algorithm s fo r 
connectionis t  network s mus t  dynamicall y produc e hidden -
laye r  representation s tha t  are ,  insofa r  a s possible ,  both : 

•  highl y orthogona l  an d 
•  highl y distribute d acros s th e hidden-layer . 

I  wil l  introduc e a  simpl e recurren t  learnin g algorithm , 
calle d contex t  biasing ,  tha t  produce s hidden-laye r 
representation s tha t  satisf y bot h o f  thes e constraints .  T o 
tes t  thi s algorithm ,  I  selecte d a  dat a se t  fo r  whic h spars e 
representations ,  eve n thoug h highl y orthogonal ,  faile d t o 
reduc e catastrophi c forgettin g (an d i n m a n y case s aggravate d 
it) .  Contex t  biasin g wa s foun d t o reduc e catastrophi c 
forgettin g fo r  thi s dat a b y mor e tha n 5 0 % compare d t o 
standar d backpropagation . 

Orthogonalization using activation 
s h a r p e n i n g 

Activation sharpening (French, 1991) reduced catastrophic 
interferenc e b y producin g spars e hidden-laye r  representations . 
Th e techniqu e i s bes t  explaine d b y considerin g one-nod e 
activatio n sharpening .  O n eac h input/teache r  presentatio n P , 
ther e i s firs t  a  standar d feedforward-backpropagatio n pass . 
The n th e sam e inpu t  patter n i s the n fe d forwar d from  th e 
inpu t  laye r  t o th e hidde n layer ,  producin g a  particula r 
activatio n patter n a t  th e hidde n laye r  — th e "natural "  hidden -
uni t  representation .  A  "target "  hidden-laye r  representatio n i s 
the n create d b y slightl y increasin g th e activatio n o f  th e 
singl e mos t  activ e nod e an d decreasin g th e activatio n o f  al l 
of  th e othe r  nodes .  Th e differenc e betwee n th e "target "  an d 
th e "natural "  hidden-laye r  representation s serve s a s a n erro r 
signa l  analogou s t o th e output/teache r  erro r  signa l  i n 
standar d backpropagation .  Thi s hidden-laye r  erro r  i s 
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backpropagate d fro m th e hidde n laye r  t o th e inpu t  layer , 
changin g th e input-to-hidden-laye r  weight s appropriately . 
Unde r  thi s "backpropagation-plus-halfpropagation " 
technique ,  th e hidde n uni t  representation s ar e graduall y 
"sharpened" ,  wit h eac h representatio n consistin g o f  on e 
highl y activ e nod e an d th e othe r  node s havin g ver y littl e 
activity ,  k-nod e sharpenin g involve s modifyin g hidden-uni t 
representation s b y increasin g th e activatio n o f  th e k  mos t 
activ e node s (instea d o f  onl y th e singl e mos t  activ e nod e i n 
one-nod e sharpening) ,  an d decreasin g th e activatio n o f  th e 
others . 

Frenc h (1991) ,  Murr e (1992 )  an d Lewandowsk y &  Goebe l 
(1991 )  hav e show n tha t  thi s techniqu e wa s effectiv e i n 
reducin g activatio n overla p a m o n g hidden-laye r 
representation s which ,  i n turn ,  decrease d catastrophi c 
forgetting .  Unfortunately ,  al l  o f  th e database s use d t o tes t 
thi s particula r  orthogonalizatio n techniqu e wer e ver y small . 
Problem s becam e apparen t  onl y whe n I  attempte d t o us e th e 
techniqu e o n a  significantl y large r  database . 

Problems with sparse representations 

The problem with orthogonalizing techniques that rely on 
spars e representation s i s that ,  whil e thi s ma y indee d produc e 
th e desire d orthogonalit y amon g hidden-laye r  representations , 
the y als o reduc e th e effectiv e dimensionalit y o f  th e hidden -
laye r  "representatio n space "  (i.e. ,  decreas e th e numbe r  o f 
pattern s tha t  ca n b e encode d b y th e hidde n layer) . 

I f  a  networ k ha s te n hidde n unit s an d one-nod e sharpenin g 
i s implemented ,  fo r  example ,  eac h hidden-uni t  representatio n 
wil l  graduall y b e force d t o hav e on e uni t  wit h a n activatio n 
clos e t o 1  whil e th e remainin g nin e unit s wil l  hav e littl e o r 
no activation .  Thi s mean s that ,  effectively ,  onl y te n distinc t 
hidden-laye r  representation s ar e possible .  Therefore ,  i f 
fifteen  differen t  categorie s o f  pattern s ar e t o b e learned ,  th e 
networ k wil l  hav e grea t  difficult y accomodatin g al l  o f  the m 
i n it s hidden-laye r  representatio n space .  Thi s wil l  mea n tha t 
th e networ k wil l  invariabl y tak e a  lon g tim e t o converge . 
an d probabl y wil l  no t  converg e a t  all .  Th e unavoidabffi l 
conclusio n i s tha t  network s wit h spars e hidden-laye r 
representation s hav e a  diminishe d capacit y t o categorize . 
Thi s become s a  proble m whe n th e numbe r  o f  differen t 
classification s tha t  th e networ k mus t  mak e exceed s th e 
number  o f  possibl e representation s a t  th e hidde n layer . 

Lewandowsk y &  Goebe l  (1991 )  an d Lewandowsk y & 
Shu-Qie n (1993 )  hav e claime d tha t  th e abilit y  o f  a  networ k 
t o generaliz e remain s basicall y unaffecte d i n network s tha t 
achiev e representationa l  orthogonalit y b y activatio n 
sharpenin g (o r  an y othe r  techniqu e tha t  produce d spars e 
representation s consistin g o f  a  fe w highl y activ e node s an d 
m a ny completel y inactiv e nodes) .  However ,  th e situatio n 
turn s ou t  t o b e somewha t  mor e problematic .  Lewandowsk y 
et  al .  showe d tha t  overal l  level s o f  activatio n o n outpu t  ar e 
largel y unaffecte d b y th e us e o f  sparse ,  orthogona l  hidden -
laye r  representation s an d fro m thi s the y conclude d tha t  th e 
abilit y  o f  th e networ k t o generaliz e woul d no t  b e affected . 

Th e difficult y i s that ,  whil e spars e orthogonalizatio n 
technique s m a y no t  chang e th e overal l  leve l  o f  activation , 
th e pattern s o f  outpu t  activatio n ar e radicall y modified .  A s 
th e followin g example s show ,  th e us e o f  spars e orthogona l 

representation s doe s resul t  i n informatio n los s acros s th e 
hidde n laye r  and ,  ultimately ,  impair s th e network' s abilit y 
bot h t o categoriz e an d t o discriminat e amon g disparat e inpu t 
patterns . 

Conside r  a  6-2- 3 backpropagatio n networ k tha t  mus t 
lear n th e followin g thre e associations : 

11000 0 — > 100 ; 
0 0 1 1 0 0 — > 0 1 0 ; 
00001 1 —>001 . 

The standar d backpropagatio n networ k ca n easil y lear n thes e 
thre e pairs .  Bu t  if ,  instea d o f  allowin g th e activation s i n 
th e hidde n laye r  t o rang e freel y fro m 0  t o 1 ,  assum e tha t 
onl y tw o hidden-laye r  representation s ar e allowe d — namely , 
0 1  an d 1  0 ? (Thi s woul d b e th e theoretica l  resul t  o f  one -
nod e activatio n sharpenin g i n thi s case. )  N o w th e networ k 
must  lear n al l  thre e association s wit h onl y tw o orthogona l 
hidde n laye r  representation s an d i t  wil l  fai l  t o converge . 

N o w,  le t  u s conside r  th e proble m o f  patter n discriminatio n 
usin g a  slightl y differen t  example .  Assum e w e hav e a n 8 -
3- 5 networ k an d w e wan t  i t  t o lear n thre e patterns : 

1 1 1 1 0 0 0 0 — > 10000 ; 
0 0 1 1 1 1 0 0 — > 0 0 1 0 0 ; 
0 0 0 0 1 1 1 1 — > 00001 . 

The networ k the n learn s thes e pattern s wit h orthogonalize d 
hidden-laye r  vector s 1 0 0 ,  0  1  0 ,  an d 0  0  1 .  Thi s wil l 
caus e thre e o f  th e hidden-to-outpu t  weight s t o hav e hig h 
positiv e values ,  an d al l  o f  th e other s t o hav e hig h negativ e 
value s (Fig .  1) . 

L O Q Q Q 

bol d wt s »  0 ; 

othe r  wt s «  0 

Figur e I .  Th e effect s o n th e hidden-to-outpu t  weight s o f 
one-nod e sharpenin g 

Forcing the hidden-layer representations into the three all-
or-nothin g representation s abov e ha s th e effec t  o f  causin g 
thre e o f  th e hidden-to-outpu t  weight s (thos e indicate d i n bol d 
i n Figur e 1 )  t o b e ver y large ,  whil e al l  o f  th e other s wil l 
hav e larg e negativ e values .  Wit h thes e orthogonalize d 
hidden-laye r  vector s th e network ,  th e secon d an d fourt h 
outpu t  node s wil l  effectivel y ceas e t o participat e i n th e 
output ,  sinc e thei r  activatio n level s wil l  remai n unchange d 
regardles s o f  th e input .  Thi s mean s tha t  th e networ k wil l 
produc e "S-dimensional "  outpu t  fo r  al l  inpu t  pattern s (Figur e 
2) .  A  standar d backpropagatio n network ,  o n th e othe r  hand , 
wil l  produc e a  muc h richer ,  5-dimensiona l  outpu t  respons e 
patter n fo r  each  o f  th e ne w inpu t  vectors .  Collapsin g five 
outpu t  dimension s t o thre e mean s tha t  som e o f  th e pattern s 
tha t  coul d hav e bee n discriminate d b y th e standar d networ k 
wil l  n o longe r  b e discriminate d b y th e orthogonalize d 
network .  Fo r  thi s reason ,  i t  i s  necessar y t o rela x th e 
constraint s o n orthogonality .  T o produc e outpu t  tha t  i s 
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bette r  tha n 3-dimensional ,  w e mus t  al l  hidde n 
representation s tha t  ar e no t  alway s orthogonal .  However ,  i f 
we completel y renounc e attempt s a t  orthogonality ,  sever e 
forettin g wil l  result .  A n orthogonalizatio n proces s tha t 
ensure s tha t  a s larg e a  numbe r  o f  node s a s possibl e wil l 
participat e i n th e representation s shoul d hav e th e desire d 
effec t  o f  reducin g catastrophi c interferenc e withou t 
completel y cripplin g th e network' s abilit y  t o generalize , 
categorize ,  etc .  Bu t  i s i t  possibl e t o achiev e a  hig h degre e o f 
bot h distributednes s an d separatio n o f  hidden-laye r 
representations ? 

These nodes no longer effectively participate in 
th e outpu t 

Q Q Q M 

bol d wt s »  0 ; 

othe r  wt s «  0 

forgettin g remain s high .  Notice ,  however ,  tha t  al l  o f  th e 
overla p occur s ove r  a  ver y smal l  numbe r  o f  nodes .  Thus , 
when th e weight s associate d wit h thes e node s change ,  thi s 
wil l  distur b th e prio r  representation s fo r  bot h Democrat s an d 
Republicans .  Sinc e onl y a  fe w node s ar e actuall y 
contributin g activation ,  whe n th e weight s associate d wit h 
on e o f  thes e activ e node s chang e significantly ,  ver y fe w 
othe r  activ e node s ca n "com e t o th e rescue "  an d compensat e 
fo r  th e change s t o th e othe r  weights . 

r 
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No.  o f  hidde n node s sharpene d 

Trainin g Retrainin g 

Figur e 2 .  Restrictin g th e dimensionalit y o f  hidden-laye r 
representation s decrease s th e dimensionalit y 

on th e outpu t  laye r 

Testing sparse, orthogonal 

representa t ion s o n a  large r  d a t a se t 

In order to further study the use of sparse orthogonalized 
representations ,  I  use d dat a fro m th e 198 4 Congressiona l 
Votin g Record s (Murph y &  Aha ,  1992) .  Th e votin g record s 
of  eac h member  o f  Congress ,  alon g wit h hi s o r  he r  part y 
affiliation ,  i s  give n i n thi s database .  I  traine d a  16-10- 1 
feedforwar d backpropagatio n networ k t o associat e 5 0 
differen t  votin g pattern s wit h part y affiliation .  I  the n 
invente d a  smal l  se t  o f  te n 'maverick "  member s o f 
Congress ,  member s who ,  o n si x ke y issues ,  vote d lik e 
Democrat s bu t  declare d themselve s t o b e Republican s o r 
vice-versa .  I  ha d th e networ k lear n thi s ne w se t  and ,  a s 
expected ,  whe n I  teste d it s performanc e o n th e origina l  se t  o f 
fifty  associations ,  th e networ k ha d completel y forgotte n 
them .  I  the n reteste d th e networ k fo r  savings .  Th e spee d 
wit h whic h th e networ k releame d th e origina l  dat a wa s use d 
t o measur e h o w completel y th e networ k ha d forgotte n th e 
origina l  data . 

W h en spars e representation s wer e used ,  th e networ k 
performe d significantl y wors e tha n whe n i t  use d mor e highl y 
distribute d representation s (Figur e 3. )  Th e reaso n fo r  thi s 
can b e see n b y lookin g a t  th e averag e hidden-laye r  activatio n 
profile s fo r  Democrat s an d Republican s produce d b y two -
nod e sharpenin g (Figur e 4) .  (Thes e wer e mad e fro m on e 
hundre d separat e run s o f  th e networ k o n th e origina l  dat a se t 
of  5 0 member s o f  Congress. )  Eve n thoug h averag e 
activatio n overla p betwee n th e tw o vector s i s lo w becaus e o f 
a larg e numbe r  o f  share d inactiv e nodes ,  th e amoun t  o f 

Figur e 3 .  Trainin g an d retrainin g time s fo r  standar d 
backpropagatio n versu s sharpenin g 

What we should see is that when activation patterns of 
representation s ar e wel l  distribute d an d wel l  separated , 
relearnin g tim e shoul d drop .  A s w e ca n se e i n Figur e 3 , 
four-nod e sharpening ,  i n whic h th e representation s ar e 
relativel y wel l  distribute d (an d reasonabl y wel l  separated) , 
cause s retrainin g tim e t o dro p t o wha t  i t  wa s fo r  standar d 
backpropagation .  Althoug h th e discussio n i s beyon d th e 
scop e o f  thi s paper ,  i t  turn s ou t  tha t  th e amoun t  o f 
separatio n amon g competin g representation s i s a  ver y goo d 
predicto r  o f  catastrophi c interference :  th e greate r  th e 
separation ,  th e les s th e forgetting .  Th e reaso n tha t  usin g th e 
amount  o f  activatio n overla p worke d i n som e case s t o 
predic t  catastrophi c forgettin g i s quit e simple :  hig h 
representationa l  separatio n implie s lo w overla p (bu t  no t 
necessaril y  vice-versa) .  S o i n man y cases ,  reducin g overla p 
at  th e hidde n laye r  appeare d t o b e th e caus e o f  reduce d 
catastrophi c interference ,  bu t  i n reality ,  representationa l 
separatio n als o increased ,  th e latte r  bein g th e actua l  caus e fo r 
improve d performanc e o n catastrophi c forgetting .  A s th e 
Votin g Record s databas e exampl e shows ,  decreasin g overla p 
by usin g spars e representation s i s no t  alway s sufficien t  t o 
reduc e catastrophi c forgetting ;  increase d separatio n o f 
representation s is .  (I n fact ,  an y tim e th e non-zer o activatio n 
leve l  o f  som e nod e i s th e sam e fo r  al l  representations ,  tha t 
nod e becomes ,  i n effect ,  a  bia s node ,  i.e. ,  a  nod e whos e 
activatio n level ,  usuall y 1 ,  remain s unchange d fo r  al l 
inputs. ) 
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Figur e 4 :  Two-nod e sharpene d representation s 

Context biasing 

Context biasing produces precisely the kind of 
representation s tha t  ar e bot h wel l  distribute d an d wel l 
separated .  Th e techniqu e require s th e networ k t o b e abl e t o 
remember  bot h th e previou s teache r  patter n an d th e previou s 
hidden-laye r  representation .  W h e n a  ne w patter n i s presente d 
t o th e network ,  i t  i s  fe d forwar d throug h th e network , 
whereafte r  th e weight s ar e change d accordin g t o th e standar d 
backpropagatio n algorithm .  Th e difference ,  measure d i n 
term s o f  th e averag e H a m m i n g distance ,  betwee n th e ne w 
teache r  an d th e previou s on e i s computed .  (Give n tw o k-bi t 

vectors ,  th e averag e H a m m i n g distanc e betwee n the m i s th e 
number  o f  bit s tha t  mus t  b e change d t o transfor m on e vecto r 
int o th e othe r  divide d b y k. )  Th e hidden-laye r  representatio n 
fo r  th e n e w associatio n i s  the n compare d t o th e 
correspondin g representatio n fo r  th e prio r  association .  Th e 
ne w representatio n i s  the n "separated "  fro m th e prio r 
representatio n accordin g t o th e followin g separatio n rule : 

Modify the activation. A, of each node of the new 
representatio n a s follows : 

i f  A n e w ̂  Apreviou s 
the n A n e w =  A n e w +  aP( l -  A n e w ) ; 

i f  A n e w <  Apreviou s 
the n A n e w =  (1 -  ap )  A n e w 

wher e 
a =  H a m m i n g distanc e betwee n th e previou s 

and th e ne w teache r  patterns ; 
P =  biasin g coefficien t  (usuall y 0. 5 o r  0.2 ) 

This new "context-biased" representation (i.e., the "target" 
hidden-laye r  representation )  i s the n "locke d into "  th e input -
to-hidde n weight s b y backpropagatin g fro m th e hidde n laye r 
t o th e inpu t  laye r  a n "erro r  signal "  consistin g o f  th e 
differenc e betwee n th e "natural "  hidden-laye r  representatio n 
an d th e correspondin g "context-biased "  (target ) 
representation .  Thi s "locking-in "  techniqu e i s discusse d i n 
(Frenc h 1991) . 

previou s 
teache r O h * 

o o 
previou s inpu t 

ff  =  H a m m i n g distang ? =  t ne w 
teache r 

Separat e th e ne w representatio n 
fro m th e previou s on e base d o n 

th e siz e o f  a :  th e greate r  a ,  th e greate r 

th e separation . 

O O 
new inpu t 

N ew context-biase d representation )  .9 2 .0 8 .3 2 

Figur e 5 .  Modifyin g hidden-laye r  representation s wit h context-biasin g 

R e s u l t s 

Figure 6 below shows hidden-layer representation profiles 
fo r  Democrat s an d Republican s tha t  ar e produce d wit h 
standar d backpropagation .  (Dat a wa s collecte d ove r  10 0 run s 
of  th e progra m usin g a  16-10- 1 networ k wit h a  learnin g rat e 
of  0. 2 an d m o m e n t u m o f  0.9.) .  Notic e that ,  whil e th e 

representation s fo r  Democrat s an d Republican s ar e wel l 
distributed ,  the y ar e no t  particularl y wel l  separated . 

On th e othe r  hand ,  whe n contex t  biasin g ( P =  0.2 )  i s  use d 
(Fig .  7) ,  significantl y differen t  representatio n profile s result . 
Notic e tha t  th e distribution s fo r  bot h Democrat s an d 
Republican s ar e no t  onl y wel l  distribute d acros s th e 
entirehidde n layer ,  bu t  the y ar e als o wel l  separated .  I f  th e 
abov e analysi s i s  correct ,  w e shoul d therefor e se e a 
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significan t  reductio n o f  catastrophi c forgettin g wit h respec t 
t o backpropagation .  A s th e result s i n Figur e 8  show ,  tha t 
isindee d wha t  happens .  W e ge t  ove r  a  5 0 % reductio n i n 
releamin g tim e whe n th e context-biasin g i s used . 

1 - 1 

•s 0.75 -

0.25 -

— < S f< l 

m 

•<t  > 0 » 0 

Hidden node no. 

Democrat Q Repubhcan 

Figur e 6 .  Hidden-laye r  representatio n profile s wit h 
backpropagatio n 

For similar reasons — reduced interference during learning 
— context-biase d network s als o trai n u p somewha t  mor e 
quickly .  Finally ,  preliminar y wor k suggest s tha t  th e 
reductio n i n relearnin g time s i s largel y unaffecte d b y th e 
orde r  o f  presentatio n o f  th e data .  I n on e experiment ,  al l 
Republican s wer e presente d t o th e network ,  followe d b y al l 
Democrat s an d relearnin g time s remaine d simila r  t o thos e 
indicate d i n Figur e 8 . 
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0.25-
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Hidde n nod e no . 
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Figure 7. Hidden-layer representation profiles with context-
biasin g 

C o n c l u s i o n s 

This paper addresses the fundamental problem of stability 
and sensitivit y i n learning .  H o w ca n neura l  network s b e 
designe d t o easil y acquir e n e w informatio n withou t 
disturbin g old ,  well-learne d informatio n — somethin g w e 
humans d o s o easily ? Perhap s i t  wil l  ultimatel y b e 
necessar y t o develo p tande m system s o f  neura l  network s 
wit h on e "neocortical "  networ k fo r  storin g well-rehearse d 
concept s an d anothe r  "hippocampal "  networ k t o handl e ne w 

inpu t  an d t o serv e a s a  teache r  t o th e neocortica l  network . 
Frenc h (1994 )  ha s develope d suc h a  two-syste m networ k an d 
McClelland ,  McNaughton ,  &  O'Reill y  (1994 )  hav e als o 
argue d fo r  th e necessit y o f  thi s typ e o f  two-tiere d system . 

o 
Q. 

[v ]  Trainin g 

r~i Retraining 

Context-bia s 

Figur e 8 .  A  significan t  ( > 5 0 % )  reductio n i n 
forgettin g wit h contex t  biasin g 

However, the work presented in this paper suggests that at 
leas t  som e o f  th e advantage s o f  a  two-networ k syste m ca n b e 
achieve d i n a  singl e networ k usin g contex t  biasin g t o 
appropriatel y constrai n th e hidden-laye r  representation s 
durin g learning .  I n particular ,  contex t  biasin g produce s 
representation s tha t  ar e bot h well-distribute d an d a s 
orthogona l  a s possible ,  thereb y significantl y reducin g 
catastrophi c forgetting . 
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