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Abstrac t 

Connectionis t  model s usuall y hav e a  singl e weigh t  o n eac h connection .  Som e interestin g ne w 
propertie s emerg e i f  eac h connectio n ha s tw o weights :  A  slowl y changing ,  plasti c weigh t  whic h store s 
long-tCT m knowledg e an d a  fast-changing ,  elasti c weigh t  whic h store s temporar y knowledg e an d 
spontaneousl y decay s toward s zero .  I f  a  networ k learn s a  se t  o f  association s an d the n thes e association s 
ar e "blurred "  b y subsequen t  learning ,  al l  th e (xigina l  association s ca n b e "deblurred "  b y rehearsin g o n 
jus t  a  fe w o f  them .  Th e rehearsa l  allow s th e fas t  weight s t o tak e o n value s tha t  tempOTaril y  cance l  ou t 
th e change s i n th e slo w weight s cause d b y th e subsequen t  learning . 

1. Introduction 

Most  connectionis t  model s hav e assume d tha t  eac h connectio n ha s a  singl e weigh t  whic h i s adjuste d 

durin g th e cours e o f  learning .  Despit e th e emergin g biologica l  evidenc e tha t  change s i n synapti c efficac y 

at  a  singl e synaps e occu r  a t  man y differen t  time-scale s (Kupferman ,  1979 ;  Hartzell ,  1981) ,  ther e hav e 

been relatively  fe w attempt s t o investigat e th e computationa l  advantage s o f  givin g eac h connectio n 

severa l  differen t  weight s tha t  chang e a t  differen t  speeds .  Eve n fo r  phenomen a lik e short-ter m memor y 

wher e fast-changin g weight s migh t  see m appropriate ,  connectionis t  model s hav e typicall y use d th e 

activatio n level s o f  unit s rathe r  tha n th e weight s t o stor e temporar y memorie s (Littl e an d Shaw ,  1975 ; 

Touretzk y an d Hinton ,  1985) .  W e kno w ver y littl e abou t  th e rang e o f  potentia l  use s o f  fas t  weights .  H o w 

do the y alte r  th e wa y network s behave ,  an d wha t  extr a computationa l  propertie s d o the y provide ? 

In this paper we assume that each cormection has both a fast, elastic weight and a slow, plastic 

weight .  Th e slo w weight s ar e lik e th e weight s normall y use d i n coimectionis t  networics-the y chang e 

slowl y an d the y hol d al l  th e long-ter m knowledg e o f  th e network .  Th e fas t  weight s chang e mor e rapidl y 

and the y continuall y regress  toward s zer o s o tha t  thei r  magnitud e i s determine d solel y b y thei r  recen t  past . 

The effectiv e weigh t  o n th e cormectio n i s th e su m o f  thes e two . 

At any instant, we can think of the system's knowledge as consisting of the slow weights with a 

temporar y overla y o f  fas t  weights .  Th e overla y give s a  temporar y context- a temporar y associativ e 

memory tha t  allow s netwoik s t o d o mor e flexibl e informatio n processing .  M a n y way s o f  usin g thi s 

temporar y memor y hav e bee n suggested . 

1. It can be used for rapid temporary learning. When presented with a new association the 

networ k ca n stor e i t  i n on e trial ,  provide d th e storag e onl y need s t o b e temporary . 

2.  I t  ca n b e use d fo r  creatin g temporar y binding s betwee n feamres .  Recen t  wor k b y 

Von de r  Malsbur g (1981 )  an d Feldma n (1982 )  ha s show n tha t  fast-changin g weight s ca n b e 

use d t o dynamicall y bin d togethe r  a  numbe r  o f  differen t  propertie s int o a  coheren t  whole ,  o r 

t o discove r  approximat e homomorphism s betwee n tw o structure d domains . 

3.  I t  ca n b e use d t o allo w trul y recursive  processing .  Durin g executio n o f  a  procedure ,  th e 
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value s o f  loca l  variable s an d th e stag e reached  i n th e procedur e (th e progra m counter )  ca n 

be store d i n th e fas t  weights .  Thi s allow s th e procedur e t o cal l  a  subprocedur e whos e 

executio n involve s differen t  pattern s o f  activit y i n th e ver y sam e unit s a s th e callin g 

procedure .  W h e n th e subprocedur e ha s finishe d usin g th e units ,  th e stat e o f  th e callin g 

procedur e ca n b e reconstructed  fro m th e temporar y associativ e memory .  I n thi s wa y th e 

stat e doe s no t  nee d t o b e store d i n th e activit y o f  th e units ,  s o th e ver y sam e unit s ca n b e 

use d fo r  mimin g th e subprocedure .  A  workin g simulatio n o f  thi s kin d i s describe d briefl y i n 

McQellan d &  Kawamot o (1986) . 

4.  I t  ca n b e use d t o implemen t  a  learnin g metho d calle d "shortes t  descent "  whic h i s a  wa y o f 

minimizin g th e amoun t  o f  interferenc e cause d b y ne w learning .  Shortes t  descen t  wil l  b e 

describe d i n a  separat e pape r  an d i s no t  discusse d furthe r  here . 

In this paper we describe a novel use for a temporary memory stored in the fast weights: it can be 

use d fo r  cancellin g ou t  th e interferenc e i n a  se t  o f  ol d association s cause d b y mor e recen t  learning . 

Conside r  a  netwoi k whic h ha s slowl y an d painfull y learne d a  se t  o f  association s i n it s slo w weights .  I f 

thi s networ k i s the n taugh t  a  ne w se t  o f  association s withou t  an y mor e rehearsal  o f  th e ol d associations , 

ther e i s nonnall y som e degradatio n o f  th e ol d associations .  W e sho w tha t  b y usin g fas t  weight s i t  i s 

possibl e t o quickl y restore  a  whol e se t  o f  ol d association s b y rehearsing  o n jus t  a  subse t  o f  them .  Th e fas t 

weight s cance l  ou t  th e change s i n th e slo w weight s tha t  hav e occurre d sinc e th e ol d association s wer e 

learned ,  s o th e combinatio n o f  th e curren t  slo w weight s an d th e fas t  weight s approximate s th e earlie r  slo w 

weights .  Th e fas t  weight s therefor e creat e a  contex t  i n whic h th e ol d association s ar e presen t  again . 

W h en th e fas t  weight s deca y away ,  th e ne w association s return. 

2. A deblurring analogy 

Ther e i s a n analog y betwee n th e us e o f  fas t  weight s t o recover  unretraine d association s an d a 

techniqu e calle d "deblurring "  whic h i s sometime s use d fo r  cleanin g u p blurre d images .  Suppos e tha t  yo u 

ar e i n you r  offic e an d yo u wan t  t o tak e som e photograph s o f  wha t  i s  o n you r  compute r  screen .  Yo u se t  u p 

a tripo d i n fron t  o f  th e scree n an d the n yo u carefull y focu s th e camer a an d tak e on e photograph . 

Unfortunately ,  befor e yo u ca n tak e an y more ,  you r  offic e mat e move s th e camer a t o a  tiipo d i n fron t  o f 

hi s scree n an d refocuses  it .  Y o u n o w mov e th e camer a bac k t o you r  tripo d an d i t  seem s a s i f  yo u mus t 

refocus,  bu t  ther e i s a n interestin g alternative .  Yo u tak e anothe r  photograp h o f  th e sam e scree n withou t 

refocussing  an d yo u compar e i t  wit h you r  firs t  photograph .  Th e first  phot o i s th e "desire d output "  o f  th e 

proces s tha t  map s fi-om  screen s t o photos ,  an d th e differenc e betwee n i t  an d th e "actua l  output "  achieve d 

wit h th e out-of-focu s camer a ca n b e use d t o estimat e a  deblurrin g operato r  whic h ca n b e applie d t o th e 

actua l  outpu t  t o conver t  i t  t o th e desire d outpu t  Thi s sam e deblurrin g operato r  ca n the n b e applie d t o an y 

imag e take n wit h th e out-of-focu s camera .  Focussin g th e camer a i s analogou s t o learnin g th e slo w 

weight s tha t  ar e require d t o m a p fro m inpu t  vector s (screens )  t o outpu t  vector s (photos) .  Estimatin g th e 

deblurrin g operato r  i s  analogou s t o learnin g th e fas t  weight s tha t  ar e require d t o compensat e fo r  th e nois e 

tha t  ha s bee n adde d t o th e slo w weight s sinc e th e origina l  learnin g (se e figure  1) . 

The advantage of using fast weights rather than slow ones for deblurring is that it does not 

permanentl y interfer e wit h th e ne w associations .  A s soo n a s th e fas t  weight s hav e decaye d bac k t o zero , 

th e n e w knowledg e i s restored. 
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Figur e 1 ;  A n illustratio n o f  th e deblurrin g analog y betwee n (a )  image s an d (b ) 
networks .  Th e law s o f  projectio n (P )  determin e th e mappin g fro m th e scen e t o th e 
image .  Afte r  applyin g a  blurrin g functio n (B) ,  applyin g th e invers e o f  B  t o th e blurre d 

imag e restore s th e image .  Similarly ,  th e weight s ( W )  defin e a  mappin g fro m inpu t  t o 

output .  Afte r  nois e (N )  i s added ,  determinin g an d applyin g th e invers e o f  N  allow s th e 

networ k t o produc e tiie  origina l  output . 

3.  T h e learnin g p rocedu r e 

We use d th e bac k propagatio n learnin g procedur e (Rumelhar t  e t  ai ,  1986a ;  1986b )  t o investigat e 

th e propertie s o f  network s tha t  lear n wit h bot h fas t  an d slo w weights .  W e summariz e th e procedur e 

below-th e ful l  mathematica l  detail s ca n b e foun d i n th e abov e references . 

The procedure operates on layered, feed-forward networks of deterministic, neuron-like units. 

Thes e network s hav e a  laye r  o f  ir̂ u t  unit s a t  th e bottom ,  an y numbe r  o f  intermediat e layer s o f  hidde n 

units ,  an d a  laye r  o f  outpu t  imit s  a t  th e top .  Connection s ar e allowe d onl y fro m lowe r  t o highe r  layers . 

The aim of the learning procedure is to find a set of weights on the connections such that, when the 

networ k i s presente d wit h eac h o f  a  se t  o f  inpu t  vectors ,  th e outpu t  vecto r  produce d b y th e networ k i s 

sufficientl y clos e t o th e correspondin g desire d outpu t  vector .  Th e erro r  produce d b y th e networ k i s 

define d t o b e th e square d differenc e betwee n th e actua l  an d desire d outpu t  vector s summe d ove r  al l 

input-outpu t  cases .  Th e learnin g procedur e minimize s thi s erro r  b y performin g gradien t  descen t  i n weigh t 
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space. This requires adjusting each weight in the network in proportion to the partial derivative of the 

erro r  wit h respec t  t o tha t  weight .  Thes e erro r  derivative s ar e calculate d i n tw o passes . 

The forward pass determines the output (or state) of each unit in the network. An input vector is 

presente d t o th e networ k b y settin g th e state s o f  th e inpu t  units .  Layer s ar c the n processe d sequentially , 

woikin g fro m th e botto m upward ,  wit h th e state s o f  unit s withi n a  laye r  se t  i n parallel .  Th e inpu t  t o a  uni t 

i s  th e scala r  produc t  o f  th e state s o f  unit s i n lowe r  layer s from  whic h i t  receives  connections ,  an d th e 

weight s o n thes e connections .  Th e outpu t  o f  a  uni t  i s  a  real-valued  smoot h non-linea r  functio n o f  it s 

input .  Th e forwar d pas s end s whe n th e state s o f  th e outpu t  unit s ar e set . 

The backward pass starts with the output units at the top of the network and works downward 

throug h eac h successiv e layer ,  "back-propagating "  erro r  derivative s t o eac h weigh t  i n th e network .  Fo r 

eac h layer ,  computin g th e erro r  derivative s o f  th e weight s o n incomin g cormection s involve s first 

computin g th e erro r  derivative s wit h respect  t o th e outputs ,  an d the n wit h respect  t o th e inputs ,  o f  th e 

imit s i n tha t  layer .  Th e simpl e for m o f  th e uni t  input-outpu t  function s make s thes e computation s 

straightforward .  Th e backwar d pas s i s complet e whe n th e derivativ e o f  th e erro r  wit h respect  t o eac h 

weigh t  i n th e networ k ha s bee n determined . 

The simplest version of gradient descent is to decrement each weight in proportion, e, to its error 

derivative .  A  mor e complicate d versio n tha t  usuall y converge s faste r  i s t o ad d t o th e curren t  weigh t 

chang e a  proportion ,  a ,  o f  th e previou s weigh t  change .  Thi s i s analogou s t o introducin g momentu m t o 

movement  i n weigh t  space . 

Since the effective weight on a connection is the sum of the fast and slow weights, these weights 

experienc e th e sam e erro r  derivative .  Henc e the y behav e differentl y onl y becaus e the y ar e modifie d usin g 

differen t  weigh t  chang e parameter s e  an d a ,  an d becaus e th e fas t  weight s deca y toward s zero .  Thi s i s 

achieve d b y reducin g th e magnitud e o f  eac h fas t  weigh t  b y som e fraction ,  h ,  afte r  eac h weigh t  change . 

4. A simulation of the deblurring effect 

T o demonstrat e th e deblurrin g effect ,  w e use d a  simpl e tas k an d a  simpl e network .  Th e tas k wa s t o 

associat e rando m binar y 10-bi t  inpu t  vector s wit h rando m binar y 10-bi t  outpu t  vectors .  W e selecte d 10 0 

inpu t  vector s a t  rando m (withou t  replacement)  fro m th e se t  o f  al l  2^ ^  binar y vector s o f  lengt h 10 ,  an d fo r 

eac h inpu t  vecto r  w e chos e a  rando m outpu t  vector .  Th e networ k w e use d ha d thre e layers :  1 0 inpu t 

units ,  10 0 hidde n units ,  an d 1 0 outpu t  units .  Eac h inpu t  uni t  wa s connecte d t o al l  th e hidde n units ,  an d 

eac h hidde n uni t  wa s conneae d t o al l  th e outpu t  units .  Th e hidde n an d outpu t  unit s als o ha d variabl e 

biase s tha t  wer e modifie d durin g th e learning . 

We trained the network by repeatedly sweeping through the whole set of 100 associations and 

changin g th e weight s afte r  eac h sweep .  Afte r  prolonge d trainin g (130 0 sweep s wit h e = .0 2 an d a = .9 )  th e 

networ k kne w th e association s perfectly ,  an d al l  th e knowledg e wa s i n th e slo w weights .  Th e fas t  weight s 

wer e ver y clos e t o zer o becaus e th e error s wer e ver y smal l  toward s th e en d o f  th e training ,  s o th e tin y 

erro r  derivative s wer e dominate d b y th e tendenc y o f  th e fas t  weight s t o deca y toward s zer o b y 1 % afte r 

eac h weigh t  update . 

Once the 100 associations were learned, we trained the network on 5 new random associations 

withou t  furthe r  rehearsal  o n th e origina l  100 .  Again ,  w e continue d th e trainin g imti l  th e ne w knowledg e 

was i n th e slo w weight s (40 0 sweeps) .  W e the n retrained  th e networ k o n onl y a  subse t  o f  th e origina l 
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associations, and compared the improvement in perforaiance on this retrained subset with the (incidental) 

improvemen t  i n perfomianc e o n th e rest  o f  th e associations .  Th e mai n result,  show n i n figur e 2 ,  wa s tha t 

i n th e earl y stage s o f  retraining  th e improvement s i n th e association s tiiat  wer e no t  retrained  wer e ver y 

nearl y a s goo d a s i n th e association s tha t  wer e explicitl y  retrained .  Thi s rathe r  surprisin g result  hel d eve n 

i f  onl y 1 0 % o f  th e ol d association s wer e retrained. 
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\  N 
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L 28 

e. 5 

sueep 
50 retraine d (solid) ;  5 0 unretralne d (dashed ) 

sueep 
10 retraine d (solid) ;  9 0 unretralne d (dashed ) 

Figur e 2 :  Performanc e o n retrained  an d unretraine d subset s o f  10 0 input-outpu t  case s 

afte r  (1 )  learnin g al l  10 0 cases ;  an d (2 )  interferin g wit h th e weight s b y learnin g 5 

unrelate d cases .  Th e averag e erro r  o f  a n outpu t  uni t  i s  show n fo r  th e firs t  2 0 sweep s 

throug h th e retrained  subse t 

The reason  fo r  thi s effec t  i s  tha t  th e knowledg e abou t  eac h associatio n i s distribute d ove r  man y 

differen t  connections ,  an d whe n th e networ k i s retrained  o n som e o f  th e association s al l  th e weight s ar e 

pushe d bac k toward s th e value s tha t  the y use d t o hav e afte r  th e association s wer e firs t  learned .  S o ther e i s 

improvemen t  i n th e unretraine d association s eve n thoug h the y ar e onl y randoml y relate d t o th e retraine d 

ones .  O f  course ,  i f  di e retrained  an d unretraine d association s shar e som e regularities  th e transfe r  wil l  b e 

eve n better . 

4.1. A geometric explanation of the transfer effect 

Conside r  di e ver y simpl e netwoil c show n i n figur e 3 .  Ther e ar e tw o inpu t  unit s whic h ar e directi y 

connecte d t o a  single ,  linea r  ou^u t  unit .  Th e networi c i s traine d o n tw o differen t  association s eac h o f 

whic h map s a  tw o componen t  inpu t  vecto r  int o a  on e componen t  outpu t  vector .  Fo r  eac h o f  th e tw o inpu t 

vectors ,  tiiere  wil l  b e man y differen t  combination s o f  di e weight s Wj  an d ̂ 2 tha t  giv e th e desire d ouq)u t 

vector ,  an d sinc e th e outpu t  uni t  i s  linear ,  thes e combination s wil l  for m straigh t  line s i n weigh t  spac e a s 

shown i s figure  4 .  h i  general ,  th e onl y combinatio n o f  weight s tha t  wil l  satisf y bot h association s lie s a t 

di e intersectio n o f  th e tw o lines .  S o i n thi s simpl e netwoik ,  a  gradien t  descen t  learnin g procedur e wil l 

converg e o n th e intersectio n point . 
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Figure 4: A plot of weight space for the simple network in figure 3. 

Now, suppose we add to a network that has learned the associations a noise vector of length r that is 

selecte d a t  rando m fro m a  distributio n tha t  i s  uniforml y distribute d ove r  al l  possibl e orientations .  Th e 

ne w combinatio n o f  weight s wil l  b e uniforml y distribute d ove r  th e circl e show n i n figure  4 .  I f  w e no w 

retrai n a n infinitessima l  amoim t  o n associatio n 1 ,  w e wil l  mov e perpendicularl y toward s lin e 1 .  I f  w e star t 

fro m a  poin t  suc h a s P  tha t  lie s o n on e o f  th e large r  arc s o f  th e circle ,  th e movemen t  toward s lin e 1  wil l 

hav e a  componen t  toward s lin e 2 ,  wherea s i f  w e star t  fro m a  poin t  o n on e o f  th e smalle r  arcs ,  th e 

movement  wil l  hav e a  componen t  awa y fro m lin e 2 .  Thus ,  whe n w e retrai n a  smal l  amoun t  o n 

associatio n 1 ,  w e ar e mor e likel y tha n no t  t o improv e th e performanc e o n associatio n 2 ,  eve n thoug h th e 

association s ar e onl y randoml y relate d t o eac h other . 

The expected positive transfer between retraining on one association and performance on the other 

ca n onl y b e a  resul t  o f  startin g th e retrainin g ftx)m a  poin t  i n weigh t  spac e tha t  ha s som e specia l 
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relationship to the solution point, O. We initially thought that the starting point for the retraining needed 

t o b e nea r  th e solutio n point ,  bu t  th e geometrica l  argumen t  w e hav e jus t  give n i s independen t  o f  th e 

magnitude ,  r ,  o f  th e nois e vector .  Th e crucia l  propert y o f  th e startin g poin t  i s tha t  i t  i s selecte d a t  rando m 

from  a  distiibutio n o f  point s tiiat  ar e al l  tiie  sam e distanc e from  O ,  an d selectin g startin g point s i n thi s 

way induce s a  bia s toward s startin g point s tha t  caus e positiv e transfe r  betwee n th e tw o association s tha t 

defin e th e poin t  O . 

The positive transfer effect obviously disappears if the two associations are orthogonal, and so we 

migh t  expec t  th e effec t  t o b e rathe r  sma U whe n th e networ k i s large ,  becaus e randoml y relate d high -

dimensiona l  vector s ten d t o b e almos t  orthogonal .  I n fact ,  i t  i s  importan t  t o distinguis h betwee n tw o 

qualitativel y differen t  cases .  I f  th e activit y level s o f  th e inpu t  imit s hav e a  mea n o f  zero ,  mos t  pair s o f 

high-dimensiona l  vector s wil l  b e approximatel y orthogona l  an d s o th e effec t  i s  smal l  an d th e expecte d 

transfe r  fix)m  on e retraine d associatio n t o on e unretraine d on e get s smalle r  a s tiie  dimensionalit y 

increases .  If ,  however ,  th e activit y level s o f  th e inpu t  unit s rang e betwee n 0  an d 1  (a s i n th e simulatio n 

describe d above )  rando m high-dimensiona l  vector s ar e no t  clos e t o orthogona l  an d w e sho w i n tiie  nex t 

sectio n tha t  th e expecte d transfe r  fro m on e retraine d associatio n t o on e unretraine d on e i s independen t  o f 

th e dimensionalit y o f  tiie  vectors . 

5. A mathematical analysis 

I t  i s  har d t o analyz e th e expecte d siz e o f  th e transfe r  effec t  fo r  network s wit h multipl e layer s o f 

non-linea r  xmit s o r  fo r  task s wit h comple x regularitie s amon g th e input-outpu t  associations .  However ,  a n 

analysi s o f  th e transfe r  effec t  i n simpl e netwoik s learnin g rando m association s ma y provid e a  usefu l  guid e 

t o wha t  ca n b e expecte d i n mor e comple x cases .  W e therefor e deriv e tiie  magnitud e o f  tiie  expecte d 

transfe r  fro m on e retraine d association ,  A ,  t o on e unretraine d association ,  B ,  i n a  networ k tha t  ha s n o 

hidde n unit s an d onl y on e linea r  outpu t  uniL ^  W e assimi e tha t  th e networ k ha s previousl y learne d t o 

produc e tiie  correc t  activit y leve l  i n tiie  outpu t  uni t  fo r  tw o inpu t  vectors ,  a  an d b ,  an d tiiat  i t  i s  no w 

retrainin g o n associatio n A  afte r  independen t  gaussia n nois e ha s bee n adde d t o eac h weight .  Th e nois e 

adde d t o tiie  i' ^  weigh t  i s g ^  an d i s chose n fro m a  distributio n witi i  mea n 0  an d standar d deviatio n a .  W e 

als o assum e tiiat  tiie  retrainin g involve s changin g tiie  weight s b y a  fixed,  infinitesima l  amoun t  i n tiie 

directio n o f  steepes t  descen t  i n th e erro r  functio n 2  (̂ a ~^ a )  ' ^  wher e y ^  i s th e actua l  outpu t  o f  th e outpu t 

uni t  an d d ^  i s  tiie  desire d outpu t  fliat  wa s achieve d befor e tiie  nois e wa s added . 

A goo d measur e o f  th e magnitud e o f  th e transfe r  effec t  i s  th e th e rati o o f  tw o improvements :  th e 

improvemen t  i n associatio n B  cause d b y retrainin g o n A  an d th e improvemen t  i n associatio n B  tha t  woul d 

hav e bee n cause d b y retrainin g direcfl y o n B .  I f  th e retrainin g involve s changin g tiie  weigh t  vecto r  b y a 

fixed  amoun t  i n th e directio n o f  steepes t  descent ,  thi s rati o i s simpl y tiie  cosin e o f  tiie  angl e betwee n tiie 

directio n o f  steepes t  descen t  fo r  associatio n A  an d tiie  directio n o f  steepes t  descen t  fo r  associatio n B  ? • 

I f  th e origina l  learnin g wa s perfect ,  al l  o f  th e erro r  i n th e outpu t  woul d b e cause d b y th e nois e adde d 

'Fo r  layered ,  feed-forwar d network s wit h n o hidde n units ,  eac h outpu t  uni t  ha s it s o w n separat e se t  o f  weights .  S o a  networ k 
wit h man y outpu t  unit s ca n b e viewe d a s compose d o f  m a n y separat e network s eac h o f  whic h ha s a  singl e outpu t  uni t 

^f the retraining involves multiplying the gradient by a coefficient, e, to determine the weight change, the actual ratio may 
diffe r  becaus e th e magnitude s o f  th e gradient s m a y diffe r  fo r  i 4 an d B .  Bu t  thi s wil l  no t  affec t  th e expecte d ratio ,  s o th e analysi s 
we giv e fo r  th e expecte d transfe r  i s stil l  valid . 
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t o th e weights ,  s o 

^ A 

wher e a, -  i s  th e activit y leve l  o f  th e j' *  inpu t  uni t  i n associatio n A .  So ,  fo r  a  weight ,  w,- ,  th e derivative s o f 

th e erro r  E ^  fo r  associatio n A  an d E g fo r  associatio n B  ar e give n b y 

^^A ^A ^^A ^ ^^B ^B ^^B . ^^ 
- r — =  T—-T—•<»r2rf' '»^i '  ^ ~ =  T—•^—•''i•2-»J^| • 

Hence, the cosine of the angle, 9, between the directions of steepest descent for the two associations is 

give n b y 

cosi&) = 

i  i  t  i 

( L a ^ ^ L b ^ y ^  I«.-^rI^-«. -
(1 ) 

5.1 .  T h e zero-on e cas e 

Th e first  par t  o f  equatio n 1  i s simpl y th e cosin e o f  th e angl e betwee n th e tw o inpu t  vectors ,  an d s o i t 

i s  independen t  o f  th e weights .  I f  th e component s o f  a  an d b  ar e al l  0  o r  1  i t  ca n b e writte n a s 

«ab 

wher e n ^  i s th e numbe r  o f  component s tha t  hav e valu e 1  i n th e vecto r  a ,  an d «,, ,  i s  th e numbe r  tha t  hav e 

valu e 1  i n bot h a  an d b . 

The second part of equation 1 depends on the weights. It always has a value of 1 or -1, depending 

on whethe r  £ ^  an d E g hav e th e sam e o r  opposit e signs .  It s numerato r  ca n b e writte n a s 

( Z ^i + Z 8i) ( Z ^, + X 8i) 

where 5^,^ is the set of input units that have value 1 in both a and b, S^^ is the set that have value 1 in a 

and 0  i n b ,  an d S ^  i s th e se t  tha t  hav e valu e 0  i n a  an d 1  i n b .  Sinc e thes e set s ar e disjoin t  an d th e 

expecte d valu e o f  th e product s o f  independen t  zero-mea n gaussian s i s 0 ,  al l  th e cross-product s i n th e 

numerato r  o f  equatio n 1  vanis h whe n w e tak e expecte d value s excep t  fo r  th e ter m 

( E 8i -  Z  Si )  =  ( I  g ^ )  =  «.b0 2 
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So th e expecte d valu e o f  equatio n 1  ca n b e writte n a s 

< 11«,-^rI^-^.- 1 >  ''^'"^'^'"' '  ^^"'^^" ' 

and s o th e expecte d valu e o f  co s (9 )  i s  give n b y 

2 

<co5(e) > =  ^  (2 ) 

If each component of a and b has value 1 with probability 0.5 and value 0 otherwise, the expected 

valu e o f  co5(9 )  i s 0.25 .  S o i f  w e ad d rando m nois e t o th e weight s o f  a  simpl e networi c tha t  ha s learne d 

100 association s an d the n w e retrai n o n 5 0 o f  the m usin g ver y smal l  weigh t  changes ,  th e rati o o f  th e 

expecte d improvement s o n a n unretraine d an d a  retraine d associatio n a t  th e star t  o f  th e retrainin g wil l  b e 

5 0 X . 2 5 _ ^ ^ 3 

1 + 4 9 X . 2 5 

Thi s agree s wel l  wit h simulation s w e hav e don e usin g network s wit h n o hidde n units . 

5.2. The 1,0, -1 case 

W h en th e component s o f  th e inpu t  vector s ca n als o tak e o n value s o f  - 1 ,  a  modificatio n o f  th e 

derivatio n use d abov e lead s t o 

{cos{id) )  =  "̂̂ '̂• "  "^"^g^^^ ^ (3 ) 
«a« b 

where  n  ^ ^  i s th e numbe r  o f  inpu t  unit s fo r  whic h a f i = 1  an d n^^^g^ ^  i s th e numbe r  o f  inpu t  unit s fo r 

whic h a,-6,-=-1 . 

For  a  pai r  o f  rando m vector s i n whic h eac h componen t  ha s a  probability ,  p ,  o f  bein g a  1  an d th e 

same probabilit y  o f  bein g a  - 1 ,  th e expecte d valu e o f  th e numerato r  o f  equatio n 3  i s jus t  th e squar e o f  th e 

expecte d lengt h o f  a  rando m wal k i n whic h eac h ste p ha s a  probabilit y  o f  2p ^  o f  bein g t o th e left ,  2p ^  o f 

bein g t o th e right ,  an d 1  -4p ^  o f  bein g zero .  Th e expecte d valu e o f  th e numerato r  i s therefor e Ap'̂ n , 

where  n  i s th e dimensionalit y o f  th e inpu t  vector .  Sinc e th e denominato r  ha s a n expecte d valu e o f  orde r 

n^,  th e expecte d transfe r  effec t  i s  inversel y proportiona l  t o n . 

The decreas e i n th e expecte d transfe r  betwee n a  singl e pai r  o f  vector s i s balance d b y th e fac t  tha t 

large r  network s ca n hol d mor e associations .  I f  th e numbe r  o f  association s learne d i s proportiona l  t o th e 

dimensionalit y o f  th e inpu t  vectors ,  an d i f  a  constant^acrio n o f  th e association s ar e retrained  afte r  addin g 

nois e t o th e weights ,  th e rati o o f  th e initia l  improvemen t  o n th e unretraine d association s t o th e 

improvemen t  o n th e retrained  association s i s independen t  o f  th e dimensionality . 

5.3. How the transfer effect decreases during retraining 

The analyse s w e hav e presente d ar e fo r  th e transfe r  betwee n rando m association s durin g th e earlies t 

stag e o f  retraining.  A s retraining  proceeds ,  th e transfe r  effec t  diminishes .  Figur e 4  present s a  simpl e 

geometrica l  explanatio n o f  wh y thi s occurs .  A t  th e star t  o f  retraining,  th e poin t  i n weigh t  spac e lie s 
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somewhere on the circle, and the probability that the transfer will be positive is simply the fraction of the 

circumferenc e tha t  lie s i n th e tw o large r  arc s o f  th e circle .  Retrainin g o n associatio n 1  move s eac h poin t 

o n th e circl e perpendicularl y toward s th e lin e 1  b y a n amoun t  proportiona l  t o it s distanc e fro m 1 ,  s o afte r 

a give n amoun t  o f  retraining ,  eac h poin t  o n th e circl e wil l  mov e t o th e correspondin g poin t  o n th e ellipse . 

Th e probabilit y  o f  positiv e transfe r  i s no w equa l  t o th e fractio n o f  th e circumferenc e o f  th e ellips e tha t  lie s 

i n th e tw o large r  arcs . 

6. Conclusions 

Thi s pape r  demonstrate s an d analyse s a  powerfti l  an d surprisin g transfe r  effec t  tha t  wa s first 

describe d (bu t  no t  analysed )  b y Hinto n an d Sejnowsk i  (1986) .  Th e analysi s applie s jus t  a s wel l  i f  ther e 

ar e n o fas t  weight s an d th e releamin g take s plac e i n th e slo w weights .  Th e advantag e o f  fas t  weight s i s 

tha t  the y allo w thi s effec t  t o b e use d fo r  temporaril y  deblurrin g ol d memorie s withou t  causin g significan t 

interferenc e t o ne w memories .  W h e n th e fas t  weight s deca y awa y th e newe r  memorie s ar e restored . 

There are many anecdotal descriptions of phenomena that could be explained by the kind of 

mechanis m w e hav e proposed ,  bu t  w e kno w o f  n o wel l  controlle d studies .  W e predic t  tha t  i f  a  tw o 

unrelate d set s o f  association s ar e learne d a t  th e sam e time ,  an d i f  th e intema l  representations  use d fo r 

differen t  association s shar e th e sam e units ,  the n retraining  o n on e se t  o f  association s wil l  substantiall y 

improv e performanc e o n th e othe r  set .  On e proble m wit h thi s predictio n i s tha t  wit h sufficien t  leaming , 

cormectionis t  network s ten d t o us e differen t  set s o f  unit s fo r  representin g unrelate d items .  A  secon d 

proble m i s tha t  eve n i f  th e unretraine d association s ar e enhanced ,  th e effec t  m a y b e maske d b y response 

competitio n du e t o facilitatio n o f  th e responses  t o th e retrained  items .  Nevertheless ,  th e typ e o f  effec t  w e 

hav e describe d ca n b e ver y larg e i n simulate d network s an d s o a  wel l  designe d experimen t  shoul d b e abl e 

t o detec t  whethe r  o r  no t  i t  occur s i n people . 
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