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Abstrac t 

For  al l  intent s an d purposes ,  catastrophi c interference ,  th e 
sudde n an d complet e forgettin g o f  previousl y store d 
informatio n upo n learnin g ne w information ,  doe s no t  exis t  i n 
health y adul t  humans .  Bu t  doe s i t  exis t  othe r  animals ? I n ligh t 
of  recen t  researc h don e b y McClelland ,  McNaughton ,  & 
O'Reill y  (1995 )  an d McClellan d &  Goddar d (1996 )  o n th e 
rol e o f  th e hippocampal-neocortica l  interactio n i n alleviatin g 
catastrophi c interference ,  i t  i s  o f  particula r  interes t  t o 
ascertai n whethe r  catastrophi c interferenc e occur s i n non -
human highe r  animals ,  especiall y i n thos e animal s wit h a 
hippocampu s an d a  neocortex ,  suc h a s th e rat .  I n thi s paper , 
we describ e experimenta l  evidenc e t o suppor t  ou r  clai m tha t 
thi s typ e o f  radica l  forgettin g does ,  i n fact ,  exis t  fo r  certai n 
type s o f  learnin g i n som e highe r  animals ,  specifically ,  i n th e 
rat' s learnin g o f  time-durations .  W e develo p a  connectionis t 
model  tha t  coul d provid e a n insigh t  int o ho w th e ra t  migh t  b e 
encodin g time-duratio n information . 

Introduction 

Catastrophic forgetting is a well-known problem in 
connectionis t  modelin g i n whic h th e learnin g o f  ne w 
informatio n cause s th e sudde n an d complet e disappearanc e 
of  previously-store d information .  (Fo r  a  review ,  se e Frendi , 
1999) .  Th e severit y o f  thi s proble m first  cam e t o ligh t  a t  th e 
end o f  th e 1980' s (McCloske y &  Cohen ,  1989 ;  Ratcliff , 
1990 )  an d ha s bee n th e subjec t  o f  on-goin g researc h since . 
I n health y adul t  humans ,  however ,  ther e i s n o evidenc e o f 
catastrophi c forgetting .  Humans ,  i t  seems ,  lear n — an d 
unlear n — graduall y (Barne s &  Underwood ,  1959) .  Bu t 
does catastrophi c forgettin g exis t  i n non-huma n animals ? 
We wil l  presen t  experimenta l  result s t o sho w tha t 
catastrophi c interferenc e doe s see m t o exis t  fo r  certai n type s 
of  learnin g i n highe r  animals ,  specifically ,  i n th e rat' s 
learnin g o f  tim e durations .  W e the n develo p a  connectionis t 
model  tha t  coul d provid e a n insigh t  int o h o w th e ra t  migh t 
be encodin g tim e information . 

Catastrophi c interferenc e i n connectionis t  network s i s 
due,  a t  leas t  i n part ,  t o th e overlappin g natur e o f  th e 
network' s distribute d interna l  representations .  Th e smalle r 
thi s overlap ,  th e les s th e amoun t  o f  catastrophi c interferenc e 
(French ,  1991) .  Variou s algorithm s hav e bee n propose d t o 
reduc e interna l  representationa l  overl y i n orde r  t o decreas e 
catastrophi c interference .  Thes e algorithm s generall y rel y o n 
expliciti y  manipulatin g th e hidden-laye r  representation s 
(e.g. ,  French ,  1991 ,  1994 ;  Murre ,  1992 ;  Krushke ,  1992 )  o r 
on orthogonalizin g th e inpu t  representation s wit h th e 
expectatio n tha t  thi s wil l  decreas e interna l  representationa l 
overla p (e.g .  Lewandowsky ,  1991 ;  Lewandowsk y &  Su -

Chen,  1993) .  Thes e technique s do ,  i n fact ,  produc e 
significantl y reduce d catastrophi c interference . 

Th e ide a o f  reducin g th e overla p o f  intona l 
representation s wa s carrie d t o it s  logica l  conclusio n i n 
McClelland ,  McNaughton ,  an d O'Reill y  (1995 )  an d 
McClellan d &  Goddar d (1996) .  The y suggeste d tha t  th e 
reaso n human s sho w n o sign s o f  catastrophi c interferaic e 
was becaus e o f  ou r  tw o complementar y learnin g systems : 
th e hippocampu s an d th e neocortex .  Thei r  ide a wa s tha t  n e w 
informatio n i s initiall y  learne d i n th e hippocampus ,  wher e i t 
canno t  no t  adversel y affec t  informatio n tha t  ha s bee n 
previousl y consolidate d i n th e neocortex .  O n c e th e n e w 
informatio n wa s learne d i n th e hippocampus ,  i t  wa s 
transferre d ver y graduall y t o neocortica l  long-ter m storage . 
I n thi s way ,  previousl y learne d informatio n coul d b e kep t 
"ou t  o f  th e way "  o f  newl y arrivin g information .  This ,  the y 
claimed ,  wa s h o w th e brai n overcam e catastrophi c 
forgetting . 

Sinc e thei r  theor y i s base d o n th e ke y notio n o f  a  dua l 
hippocampal/neocortica l  mechanis m o f  early-processin g 
an d subsequen t  storage ,  w e wondere d whethe r  ther e wa s 
evidenc e o f  catastrophi c forgettin g i n animal s that ,  lik e 
humans ,  ha d bot h a  neocorte x an d a  hippocampus .  W e 
believ e w e hav e discovere d a  likel y candidat e fo r 
catastrophi c forgettin g i n animal s havin g bot h hippocampu s 
and neocorte x — namely ,  time-duratio n learnin g (an d 
forgetting )  i n th e rat .  Ou r  result s sugges t  tha t  th e 
hippocampal/neocortica l  loo p m a y no t  b e involve d i n tim e 
learnin g i n th e rat ,  o r  i f  i t  is ,  i t  m a y no t  functio n a s i t  doe s 
fo r  type s o f  learnin g tha t  ar e no t  subjec t  t o catastrophi c 
interference .  W e sho w tha t  a  simpl e single-stor e 
connectionis t  networ k ca n provid e a  relativel y goo d mode l 
thi s typ e o f  time-duratio n learning .  W e wil l  conclud e b y 
suggestin g tha t  th e greate r  amoun t  o f  overla p o f  th e 
network' s interna l  representation s o f  time-duration s 
acquire d durin g sequentia l  learnin g compare d t o concurren t 
learnin g m a y b e w h y catastrophi c forgettin g occur s afte r 
sequentia l  learnin g an d i s absen t  i n th e cas e o f  concurren t 
learning .  W e sugges t  tha t  ther e migh t  b e a  counterpar t  t o 
thes e difference s i n th e interna l  time-duration 
representation s i n th e rat . 

Perception of time-duration in the rat 

In their natural environment, animals are, of necessity, good 
at  predictin g significan t  event s suc h a s periodica l  foo d 
availability .  Thi s seem s t o b e a  clea r  indicatio n o f  a n abilit y 
t o represen t  time .  Laborator y researcher s studyin g time -
learnin g i n animal s hav e develope d a  numbe r  o f  technique s 
t o stud y timin g processes .  O n e o f  thes e i s th e pea k 
procedur e (Catania ,  1970 )  i n whic h rat s lear n t o pres s a 

173 

mailto:rfrench@lg.ac.be
mailto:a.ferrara@ulg.ac.be


leve r  t o receiv e foo d afte r  a  certai n fixed  duration .  Eac h tria l 
i n thi s procedur e begin s wit h tli e simultaneou s onse t  o f  a 
soun d stimulu s an d th e insatio n o f  a  leve r  int o th e Skinne r 
box .  Ther e ar e tw o differen t  type s randoml y mixe d o f  trials . 
Durin g reinforce d (o r  "food" )  trials ,  onl y th e first  leve r 
pres s afte r  th e aitica l  duratio n i s rewarde d wit h a  litd e foo d 
pellet .  Immediatel y followin g th e reinforce d lever-press ,  th e 
soun d i s switche d of f  an d th e leve r  i s withdraw n fro m th e 
box .  Tes t  trial s begi n exactl y lik e reinforce d trials ,  bu t  th e 
anima l  receive s n o reward .  Tes t  trial s ar e necessar y becaus e 
i n th e reinforce d trials ,  th e animal' s lever-pressin g stop s a s 
soo n a s th e foo d pelle t  drop s int o it s box .  Thes e trial s en d 
independentl y o f  th e leve r  presse s m a d e b y th e anima l  an d 
typicall y las t  a t  leas t  twic e a s lon g th e duratio n reinforce d i n 
th e rewarde d trials .  Th e numbe r  o f  leve r  presse s ar e 
recorde d fo r  eac h one-secon d interva l  an d average d acros s 
tes t  trials .  Thi s produce s th e characterisfi c  bell-shape d 
response-rat e fimctio n observe d wit h thi s procedur e (Fig .  2) . 
Th e m o m e n t  o f  m a x i m u m lever-pressin g i s calle d th e pea k 
tim e an d reflect s th e m o m e n t  o f  maxima l  foo d expectatio n 
by th e rat . 

Th e observatio n o f  steady-stat e behavio r  followin g 
trainin g ha s lon g bee n use d t o understan d th e mechanism s 
underlyin g timin g abilitie s (Roberts ,  1981 ;  Gibbon ,  Church , 
& Meek ,  1984) .  M o r e recentiy ,  i t  ha s als o bee n use d t o 
stud y th e acquisitio n o f  a  n e w tempora l  representatio n 
(Meek ,  Komeily-Zadeh ,  &  Church ,  1984 ;  Ferrara ,  1999) . 

Time perception experiment 

Sequential time-duration learning 

A group of 15 rats was used in a learning experiment that 
studie d behaviora l  adaptation s t o change s i n rewarde d time -
durations .  H o w rat s adap t  thei r  behavio r  whe n learnin g 
time-duration s i s assume d t o reflec t  propertie s o f  it s 
tempora l  representation .  Th e presen t  experimen t  wa s 
divide d i n severa l  phases .  I n th e first  phas e th e anima l  wa s 
traine d o n a  40-sec .  duratio n (1 4 days ,  wit h 9 0 ti-ials  pe r  da y 
of  whic h 8 5 % wer e reinforce d trail s an d 1 5 % tes t  trials) .  I n 
th e nex t  phase ,  th e anima l  learne d a n 8-sec .  duratio n (1 0 
days ,  9 0 trial s pe r  da y wit h th e sam e proportion s o f  fixed 
andtestintCTvals) . 

T h e m o m e n t  whe n th e animal s wer e switche d fro m 40 -
sec .  learnin g t o 8-sec .  learnin g i s referre d t o a s Transitio n 
40- 8 (1 )  an d ca n b e see n i n th e uppe r  lef t  grap h o f  Figur e 2 . 
Afte r  th e 8-sec .  duratio n ha d bee n learned ,  th e rewar d wa s 
switche d bac k t o th e origina l  40-sec .  duratio n (Transitio n 8 -
4 0 (2 )  i n th e lowe r  lef t  grap h o f  Figur e 2) . 

T h e rat e o f  lever-pressin g wa s recorde d durin g thre e 
differen t  sessions :  jus t  befor e a  transition ,  th e tw o session s 
immediatel y followin g a  ttansition.  Th e final  sessio n o f 
Phase s 1 ,  2 ,  5  an d 6  (i.e. ,  th e las t  sessio n befor e switchin g t o 
a n e w time-duration )  i s referre d t o a s a  referenc e sessio n 
(indicate d b y a  (1 )  i n Fig .  1) .  Th e pea k tim e o f  th e referenc e 
sessio n reflect s th e m o m e n t  o f  m a x i m u m expectanc y fo r 

receivin g a  foo d pellet .  Th e transitio n sessio n (indicate d b y 
a (2 )  i n Fig .  1 )  refer s t o th e firs t  sessio n afte r  switchin g th e 
anima l  t o a  ne w time-duration.  I t  i s interestin g t o notic e ho w 
th e pea k tim e shift s durin g thi s sessio n compare d t o th e 
referenc e session ,  since ,  presumably ,  an y change s i n pea k 
time  reflec t  modification s o f  th e animal' s interna l 
representatio n o f  th e reinforce d duration .  Th e transition+ 1 
sessio n (indicate d b y a  (3 )  i n Fig .  1 )  refer s t o th e secon d 
sessio n afte r  th e u-ansition .  Learnin g a  n e w time-duratio n 
ca n b e describe d i n term s o f  a  movin g pea k time .  I n otho " 
words ,  durin g Transitio n 40- 8 (1) ,  th e pea k time  shift s from 
th e previousl y learne d 40-sec .  duratio n an d stabilize s aroun d 
th e n e w 8-sec .  duratio n whic h i s bein g reinforce d (Fig .  2 ) 
Similarly ,  i n Transitio n 8-4 0 (2) ,  th e pea k tim e wil l 
graduall y m o v e from 8  t o 4 0 seconds .  I t  ha s bee n show n 
elsewher e (Lejeune ,  Ferrara ,  Simon s &  Wearden ,  1997 ) 
that ,  eve n i f  th e reinforcemen t  i s repeatedl y switche d bac k 
an d fort h from  on e time-duratio n t o th e other ,  ther e i s n o 
rea l  improvemen t  i n di e spee d o f  th e pea k time  adaptation . 
I n fact ,  re-learnin g a  previousl y learne d time-duratio n 
require s a s m u c h tim e a s learnin g a n entirel y n e w one .  Thi s 
suggest s tha t  a t  eac h ttansition,  th e previou s representatio n 
of  th e reinforce d tim e i s "overwritten "  a s th e ne w on e i s 
built .  I n othe r  words ,  ther e i s n o evidenc e o f  an y memor y 
saving s fro m th e previousl y learne d time-durations .  On e 
reasonabl e interpretatio n o f  thi s resul t  i s  tha t  ne w time -
duratio n learnin g completel y (catasttophically )  wipe d ou t 
th e originall y learne d time-duration . 

Concurrent learning 

In the next phase (Phase 4), the rats were concurrently 
ttained  fo r  2 5 consecutiv e session s o n bot h 8 -  an d 40-sec . 
durations .  Thi s wa s don e b y mean s o f  a  rando m mixtur e o f 
4 2 . 5 % 8-sec .  trials ,  42 .5 % 40-sec .  Qial s an d 1 5 % tes t  trial s 
(eac h sessio n stil l  contain s 9 0 trials) .  A t  th e en d o f  thi s 
learnin g period ,  th e respons e curve s (no t  show n here ) 
became clearl y bimodal ,  wit h a  firs t  pea k locate d aroun d 8 
second s an d a  secon d pea k locate d aroun d 4 0 seconds .  Thi s 
means tha t  durin g concurren t  learnin g o f  Ui e tw o time -
durations ,  di e anima l  ha d develope d a  representatio n fo r 
boti i  durations . 

Phase s 5 ,  6  an d 7  wer e identica l  t o phase s 1- 3 (excep t 
fo r  th e numbe r  o f  sessions) .  Transitio n 40- 8 (3 )  an d 
transitio n 8-4 0 (4 )  sho w th e curve s fo r  lever-pressin g rate s 
fo r  th e reference ,  transitio n an d transistion-i- 1 session s afte r 
th e animal s hav e learne d 40 -  an d 8-sec .  duration s 
concurrenU y a s above . 
Unlik e th e previou s cas e o f  sequentia l  learnin g i n whic h 

ther e wa s n o saving s o f  prio r  learning ,  th e animal ,  havin g 
n o w learne d th e tw o duration s concurrentiy ,  ca n rapidl y 
shif t  from  th e 40-sec .  duratio n bac k t o th e 8-sec .  duration .  I n 
thi s case ,  whil e ther e i s stil l  a  smal l  amoun t  o f  forgetting , 
ther e i s n o catastrophi c forgettin g o f  th e originall y learne d 
8-sec .  duration .  Thi s seem s t o impl y tha t  time-
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Figur e 1 .  Lever-pressin g rate s we r e recorde d durin g th e 
dur in g th e transitio n (2 )  a n d t r a n s i t i o n + l ( 3 )  sessions ,  i.e. , 
period . 

Transitio n 40-8(1 ) Transitio n 40- 8 ( 3 J 

8 4 0 
Transition 8-40 (41 Transitio n 8-4 0 (2 ) 

referenc e sessio n (1 )  a t  th e en d o f  o n e learnin g perio d a n d 
th e firs t  a n d secon d session s afte r  switchin g t o a  n e w learnin g 

Each "session" consisted of a grouped presentation of 
2 0 patterns ,  Pi ,  learne d fo r  1 6 epoch s (o r  unti l  th e a r o r  fo r 
al l  pattern s w a s be lo w 0.001) .  E a c h patter n consiste d o f  a n 
input ,  wh i c h w a s a n encodin g fo r  a  particula r  time-duratio n 
an d a  desire d output ,  correspondin g t o whethe r  o r  no t  tha t 
particula r  time-duratio n w a s reinforced .  Fo r  examp le ,  a n " 8 -
sec .  only "  sessio n is : 

Ort « s*wn 4 bir » 

Figur e 2 .  A v e r a g e rate s o f  lever-presses/secon d fo r  th e 
referenc e (white) ,  transitio n (black )  an d transition-t- 1 
(gray )  sessions . 

duration representations developed during concurrent 
learnin g ar e significantl y differen t  tha n thos e develope d 
durin g sequentia l  learning . 

Simulation 

To simulate these results, we used an 11-18-2 
backpropagatio n networ k wit h binar y inpu t  coding .  Th e 
learnin g rat e wa s se t  a t  0.1 ,  m o m e n t u m 0.9 .  Th e learnin g 
aiterio n wa s se t  a t  0.00 1 fo r  al l  outpu t  nodes .  A n 11-uni t 
inpu t  laye r  wa s use d becaus e thi s correspond s t o th e 
oscillatio n period s use d i n th e Churc h an d Broadben t  (1990 ) 
model .  Eleve n oscillatio n period s wer e chose n b y thes e 
author s becaus e thi s i s enoug h t o represen t  th e ful l  rang e o f 
relevan t  short-ter m time-duration s experience d b y th e 
animal .  Th e oscillatio n period s use d i n th e followin g 
simulatio n wer e a s follows :  0.2 ,  0.4 ,  0.8 ,  1.6 ,  3.2 ,  6.4 ,  12.8 , 
25.6 ,  51.2 ,  102.4 ,  204. 8 seconds . 

Each tim e duratio n wa s translate d int o a  binar y patter n 
of  thes e 1 1 oscillators ,  wit h eac h oscillato r  eithe r  bein g 
activate d ( = 1 )  o r  no t  ( = 0) .  O n eac h trainin g sessio n th e 
inpu t  pattern s wer e modifie d b y th e additio n o f  gaussia n 
noise .  Th e nois e adde d t o eac h oscillato r  signa l  wa s 
proportiona l  t o it s mea n oscillatio n perio d (i.e. ,  th e large r 
th e oscillato r  period ,  th e large r  th e norma l  curv e aroun d it s 
mean) .  Targe t  output s o f  0 0 indicate d n o reinforcement ; 
wherea s 1 1 indicate d a  positiv e reinforcement . 

Pi :  Input :  2-sec . 
P2:  Input :  4-sec . 
P3:  Input :  6-sec . 
P4:  Input :  8-sec . 

Output :  0 0 
Output :  0 0 
Output :  0 0 
Output :  1 1 ("reinforced" ) 

P20:  Input :  40-sec .  Output :  0 0 

Ther e wer e si x distinc t  phase s fo r  sequential-learning ,  fiv e 
fo r  concurrent-learnin g simulation s (Figs .  3,4) . 

Phas e 1  an d 2  wer e identica l  fo r  bot h simulations .  Th e 
firs t  consiste d o f  2 0 "8-sec .  only "  session s (i.e. ,  onl y th e 8 -
sec .  duratio n wa s reinforced) ;  th e secon d b y 2 0 "40-sec . 
only "  session s (i.e. ,  onl y th e 40-sec .  duratio n wa s 
reinforced) . 

Th e nex t  phase s wer e criticall y differen t  fo r  th e tw o 
simulations .  Fo r  sequentia l  learning ,  Phase s 3  consiste d 
fort y "8-sec .  only "  session s followe d b y Phas e 4  whic h ha d 
fort y "40-sec .  only "  sessions .  Fo r  th e concurren t  learnin g 
simulation ,  however ,  thes e tw o phase s wer e combine d int o a 
singl e 80-sessio n phas e durin g whic h bot h 8-sec .  an d 40 -
sec .  duration s wer e reinforced . 

Th e tes t  phase s (i.e. .  Phase s 5  an d 6  fo r  sequentia l 
learnin g an d Phase s 4  an d 5  fo r  concurrent-learning )  i n 
bot h simulation s wer e identica l  an d consiste d o f  4 0 
sessions .  Th e firs t  o f  th e tw o tes t  phase s consiste d o f  eigh t 
"8-sec .  only "  sessions .  Thi s wa s lon g enoug h fo r  th e 
previousl y learne d 40-sec .  duratio n t o b e "forgotten "  b y th e 
network ,  afte r  havin g learne d i t  i n Phas e 4  i n th e sequentia l 
simulatio n and ,  alon g wit h th e 8-sec .  duration ,  i n Phas e 3  o f 
th e concurren t  simulation .  I n othe r  words ,  "unlearning "  th e 
40-sec .  duration ,  whethe r  i n th e sequentia l  simulatio n o r  th e 
concurren t  simulation ,  mean t  tha t  whe n 4 0 second s wa s 
inpu t  t o th e network ,  i t  correctl y responde d wit h 00 .  Thi s 
too k eigh t  sessions .  Th e fina l  3 2 session s o f  thi s phas e wer e 
"40-sec .  only "  sessions .  Th e critica l  observatio n wa s h o w 
quickl y th e networ k recovere d it s knowledg e o f  th e 40-sec . 
tim e duration . 

Al l  result s reporte d i n thi s pape r  wer e average d ove r  6 0 
independen t  run s o f  th e network. . 
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Figur e 3 .  Phase s o f  8-sec .  an d 40-sec .  learnin g whe n thes e duration s ar e learne d sequentially . 

Resu l t s 

Sequential learning 

We bega n b y runnin g th e networ k i n "sequentia l  m o d e " 
(Fig .  3) .  A t  th e beginnin g o f  Phas e 3 ,  whe n th e networ k 
return s t o learnin g th e 8-sec .  duration ,  it s  erro r  curv e i s 
virtuall y identica l  t o th e firs t  tim e i t  eve r  encountere d th e 8 -
sec .  duratio n i n Phas e 1 .  I n oth a words ,  learnin g th e 40-sec . 
duratio n i n Flias e 2  seem s t o hav e completel y erase d an y 
m e m o ry trac e o f  th e initia l  8-sec .  learning .  Ther e i s n o 
evidenc e o f  an y "savings "  o f  th e initia l  8-sec .  learning . 
(Ebbinghaus ,  1887 ;  se e Hetheringto n &  Seidenberg ,  1989 , 
fo r  a  discussio n o f  thi s a s a  measur e o f  catastrophi c 
forgetting). . 

I n short ,  th e networ k i s respondin g t o learnin g n e w tim e 
duration s i n m u c h th e sam e wa y a s th e rat :  learnin g a  n e w 
duratio n seem s t o completel y eras e (o r  overwrite )  th e 
m e m o ry trac e o f  th e prio r  time-duratio n learning . 

Concurrent learning 

I n th e secon d simulatio n w e explor e concurren t  time -
duratio n learnin g an d find  tha t  i t  produce s considerabl y 
differen t  result s compare d t o learnin g time-duration s 
sequentiall y  (Fig .  4) .  Riase s 1  an d 2  i n th e concurrent -
learnin g simulatio n ar e identica l  t o Phase s 1  an d 2  i n th e 
sequential-learnin g simulation .  However ,  n o w i n Phas e 3 
th e networ k learne d bot h 8-sec .  an d 40-sec .  duration s 
concurrentl y fo r  8 0 session s (instea d o f  4 0 8-sec .  session s 

followe d b y 4 0 40-sec .  session s a s i n th e previou s 
simulation) .  Afte r  thi s concurren t  learnin g phase ,  th e 
networ k i s teste d a s i n th e previou s simulation .  I n otho -
words ,  i n Phas e 4 ,  th e networ k i s traine d fo r  eigh t  session s 
on 8-sec .  duration s only .  A s before ,  thi s wa s lon g enoug h 
fo r  it s  performanc e o n 40-sec .  duration s t o retur n t o a  zao -
erro r  baseline .  Reinforcemen t  wa s the n switche d bac k t o a 
4 0 second s (Phas e 5 ,  Fig .  4 ) 

N o w le t  u s compar e th e tes t  phase s i n th e tw o 
simulations .  I n bot h simulations ,  th e eigh t  session s o f  8-sec . 
learnin g only ,  allowe d th e networ k t o retur n t o th e 
unreinforce d baselin e fo r  40-sec .  learnin g (se e th e 40-sec . 
erro r  rat e i n Phas e 5  i n th e sequential-learnin g simulation , 
and i n Phas e 4  i n th e concurrent-learnin g simulatio n i n 
Figure s 3  an d 4 ,  respectively) . 

Th e critica l  differenc e ca n b e see n i n th e oror-rat e jus t 
afte r  thi s eight-sessio n phas e o f  8-sec .  learning .  I n th e 
sequentia l  learnin g simulatio n (Fig .  3) ,  whe n th e networ k i s 
switche d bac k t o trainin g o n th e 40-sec .  duration ,  th e eno r 
rat e shoot s u p t o 0. 7 an d remain s abov e 0. 4 fo r  a  numbe r  o f 
sessions .  O n th e othe r  hand ,  whe n th e 8 -  an d 40-sec . 
duration s wer e learne d concurrentl y (Fig .  4) ,  tho- e i s n o 
suc h jum p i n error-rate .  Th e error-rat e fo r  40-sec .  learnin g 
afte r  th e eight-sessio n 8-sec .  trainin g i s essentiall y  wha t  i t 
was a t  th e en d o f  th e concurren t  learnin g phase .  I n short ,  th e 
networ k n o w ha s n o troubl e revivin g it s prio r  memor y o f  th e 
40-sec .  duration . 

Thi s i s ver y simila r  t o wha t  wa s observe d i n th e peak -
tim e experiment s wit h th e rat .  Concurren t  learnin g 

8 s  e c ond s 
40 second s 

err o 

40-sec . ĝ se c 
Phase 1 Phase 2 

Concurren t  8+4 0 sec .  Phas e 3 8-se c 
Phase 4 

40-se c 
Phase 5 

Figur e 4 .  Concurren t  learnin g o f  8 -  an d 40-sec .  duration s i n Phas e 3 . 
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allow s th e ra t  t o rapidl y "revive "  it s memcjr y trac e o f  th e 40 -
sec .  duration ;  sequentia l  learnin g doe s no t  I n th e lattC T case , 
bot h i n th e cas e o f  th e simulatio n an d th e rat ,  th e memor y 
trac e seem s t o hav e bee n catastrophicall y erase d b y ne w 
learning . 

Internal representations developed by 

sequent ia l  ve rsu s c o n c u r r e n t  learn in g 

Given the results of these simulations, we wondered 
whetho "  th e difference s i n forgettin g observe d i n sequentia l 
and concurren t  learnin g wer e relate d t o th e network' s 
interna l  representation s o f  th e tim e informatio n i t  ha d 
learned .  Thi s suggest s th e correspondin g questio n fo r  th e ra t 
— namely ,  ar e th e difference s observe d fo r  th e rat' s 
sequentia l  an d concurren t  time-duratio n learnin g base d o n 
it s developmen t  o f  differen t  interna l  representation s o f  thes e 
duration s dependin g o n h o w i t  learne d them ? 

To stud y th e intOTia l  representation s o f  8 -  an d 40-sec . 
duration s i n ou r  network ,  w e presente d "pure "  (i.e. ,  withou t 
noise )  8-sec .  an d 40-sec .  tim e pattern s t o th e networ k jus t 
befor e th e eight-sessio n 8-sec .  onl y tes t  phas e began .  Thi s 
allowe d u s t o recor d th e hidden-uni t  activatio n pattern s 
correspondin g t o 8-sec .  an d th e 40-sec .  input s fo r  th e 
sequential-learnin g simulatio n an d fo r  th e concurrent -
learnin g simulation .  W e the n calculate d th e hidden-uni t 
representatio n overla p o f  thes e tw o pattern s fo r  bot h 
simulations .  W e the n compare d th e difference s i n overla p o f 
th e hidden-uni t  encoding s o f  8-sec .  an d 40-sec .  duration s fo r 
th e tw o differen t  learnin g scenarios . 

Our  predictio n wa s that ,  sinc e thex e wa s considerabl y 
les s forgettin g o f  th e 40-sec .  time-duratio n i n th e 
concurrent-learnin g simulation ,  tha t  th e representation s 
develope d durin g Phas e 3  o f  th e concurrent-learnin g 
simulatio n woul d overla p les s an d b e mor e spars e tha n th e 
correspondin g representation s develope d durin g sequentia l 
learning .  Thi s predictio n wa s confirme d b y di e dat a (Fig .  5) . 

Hidden-layer representational 

o v e r l a p a n d spa rsenes s 

We calculated representational overlap by means of an 
inner-produc t  measur e o f  th e hidden-uni t  vector s 
correspondin g t o 8-sec .  an d 40-sec .  input .  Thes e value s 
wer e average d ove r  6 0 run s o f  th e program .  A s predicted ,  i n 
th e cas e o f  cas e o f  concurren t  learning ,  thi s valu e (0.61 )  wa s 
considerabl y lowe r  tha n whe n th e representation s ha d 
develope d durin g sequentia l  learnin g (1.49) .  I n othe r  words , 
th e interna l  representationa l  overla p o f  th e tw o time -
duratio n pattern s wa s 2. 4 time s highe r  fo r  sequentia l 
learning ,  accounting ,  a t  leas t  i n part ,  fo r  th e greate r 
interferenc e observe d i n sequentia l  learning . 

Representationa l  sparsenes s ca n b e m e a s u r e d b y 
considerin g th e tota l  a m o u n t  o f  activatio n use d b y a 
representatio n a n d b y it s  dispersion .  I n general ,  th e m o r e 
spars e th e representation ,  th e les s activatio n i t  wil l  us e an d 
th e lowe r  it s dispersion .  F o r  sequentia l  learning ,  th e averag e 
8-sec .  hidden-uni t  representatio n use d 5. 5 unit s o f  activatio n 
an d th e 40-sec .  representation ,  2. 4 unit s o f  activation .  F o r 
concurren t  learning ,  thes e figure s droppe d t o 2. 2 an d 2. 0 

unit s o f  activation ,  respectively .  A  s imp l e m e a s u r e o f 
dispersio n (standar d deviation ,  S D )  indicate d h o w disperse d 
th e representation s w e r e ove r  th e 1 8 hidden-units .  T h e 
sprea d o f  th e 8 -  a n d 40-sec .  representation s i n th e cas e o f 
sequentia l  learnin g (0.4 1 a n d 0.1 2 S D )  i s  consido-abl y 
greate r  tha n th e sprea d o f  th e s a m e representation s i n th e 
cas e o f  concurren t  learnin g (0.2 7 a n d 0.1 0 S D ) .  F igur e 5 
s h o w s graphicall y th e degre e t o w h i c h th e sparsenes s o f 
thes e representation s differ s (th e activatio n level s o f  th e 
representation s h a v e bee n ordere d i n orde r  t o facilitat e 
compar ison s be twee n t h e m ) . 
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H ra 

node s 

F i g u r e 5 .  Difference s i n th e sparsenes s o f  c o d i n g a t  th e 
h idde n laye r  o f  th e representation s fo r  8-sec .  a n d 40-sec . 
duration s i n th e cas e o f  sequentia l  learnin g a n d concur ren t 
learning . 

In other words, the network's internal representations of 
8-  a n d 40-sec .  duration s w h e n learne d concurrently ,  w e r e 
significantl y sparse r  a n d les s over lapp in g tha n w h e n the y 
w e r e learne d sequentially .  I t  i s  wel l  establishe d tha t  th e 
a m o u n t  o f  interna l  representationa l  over la p i s  contribute s 
significantl y t o th e a m o u n t  o f  catastrophi c interferenc e 
p roduced .  I t  i s  therefor e reasonabl e t o c o n c l u d e tha t 
forgettin g i s fa r  les s catastrophi c fo r  concur ren t  learnin g 
tha n fo r  sequentia l  learnin g b e c a u s e of ,  a t  leas t  i n part ,  th e 

177 



smalle r  amoun t  o f  interferenc e o f  th e interna l 
representation s o f  th e tw o time-duration s i n concurren t 
learnin g compare d t o sequentia l  learning . 

Conclusion 

Two suggestions emerge from this research. The first is that 
th e ra t  m a y no t  stor e time-duratio n informatio n i n th e sam e 
way i t  store s othe r  type s o f  informatio n tha t  ar c les s 
susceptibl e t o catastrophi c interference .  I n othe r  words ,  th e 
complementar y hippocampal-neocortica l  syste m propose d 
by McClelland ,  McNaughton ,  an d O'Reill y  (1995 )  t o avoi d 
catastrophi c interferenc e m a y no t  b e use d b y th e ra t  fo r 
long-ter m storag e o f  tim e information .  Th e fac t  tha t  a  singl e 
connectionis t  networ k seem s t o produc e effect s quit e simila r 
t o thos e actuall y observe d i n rat s fo r  bot h sequentia l  an d 
concurren t  time-learnin g woul d argu e fo r  th e possibilit y  o f  a 
unitar y tim e storag e are a i n th e rat ,  rathe r  tha n a  dua l 
hippocampal-neocortica l  mechanism . 

Secondly ,  w e believ e thes e result s suppor t  fo r  th e clai m 
tha t  i n th e ra t  ther e m a y b e a  distinctl y differen t  interna l 
codin g o f  tim e duration s whe n the y ar e learne d 
concurrently ,  a s oppose d t o whe n the y ar e learne d 
sequentially .  I n ou r  connectionis t  simulation ,  w e obtai n 
forgettin g result s simila r  t o thos e observe d i n th e rat .  Thes e 
difference s i n th e networ k correspon d t o significan t 
difference s i n th e interna l  codin g o f  th e tw o time-duration s 
dependin g o n h o w th e networ k learne d them .  Th e interna l 
representation s i n th e cas e o f  concurren t  learnin g ar e mor e 
spars e an d overla p les s tha n i n th e cas e o f  sequentia l 
learning .  W e sugges t  tha t  thi s migh t  impl y a  simila r  typ e o f 
codin g i n th e rat . 
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