
Representa t io n o f  T e m p o r a l  Pa t te rn s 
i n Recur ren t  N e t w o r k s * 

Fre d Cummins ^ 
Cognitiv e Scienc e Progra m 

Indian a Universit y 
Bloomington ,  I N 4740 5 

fcumminsOuet.indiana .  ei * 

A b s t r a c t 

In order to determine the manner in which 
tempora l  pattern s ar e represente d i n recurren t 
neura l  networks ,  network s traine d o n a  vari -
et y o f  sequenc e recognitio n task s ar e exam -
ined .  Analysi s o f  th e stat e spac e o f  uni t  ac -
tivation s allow s a  direc t  vie w o f  th e mean s em -
ploye d b y th e networ k t o solv e a  give n prob -
lem ,  an d yield s insigh t  bot h int o th e clas s o f 
solution s thes e network s cf m produc e an d ho w 
thes e wil l  generalis e t o sequence s outsid e th e 
trainin g set .  Thi s intuitiv e approac h help s i n 
assessin g th e potentia l  o f  recurren t  network s 
fo r  a  variet y o f  modellin g problems . 

Some Problems of Representation 

Thi s pape r  investigate s th e wa y tempora l  pattern s 
ar e represente d b y recurren t  networks .  Smal l  se -
quenc e discriminatio n task s wer e devise d wit h th e 
specifi c  intentio n o f  requirin g th e networ k t o bas e 
it s discriminatio n o n th e tempora l  structur e o f  th e 
inpu t  sequences .  Th e resultin g solution s wer e the n 
analyze d usin g elementar y tool s fro m dynemii c sys -
tem s theory .  Ou r  primar y interes t  wa s t o establis h 
th e relationshi p betwee n th e tempora l  characteris -
tic s o f  th e trainin g se t  an d th e representation s de -
velope d b y th e network . 

The relationshi p betwee n a  representatio n an d 
it s counterpar t  i n th e physica l  worl d m a y b e com -
pletel y arbitrary ,  a s betwee n a n instanc e o f  th e 
writte n o r  spoke n wor d 'penguin '  an d an y particu -
la r  bir d o f  tha t  sort ,  o r  ther e m a y b e a  mor e direc t 
relationship ,  e. g a s betwee n a  tonotopi c m a p an d 
th e frequencie s i t  represents .  M a n y o f  th e issue s 
involve d i n distinction s a m o n g representationa l  sys -
tem s hav e bee n discusse d b y va n Gelder  an d Por t 
(1993 ,  va n Gelder ,  1992) .  I f  th e relationshi p be -
twee n a  symboli c representatio n an d it s semanti c 
propertie s i s completel y arbitrary ,  question s abou t 
th e difficult y o f  symbo l  groundin g arise . 
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Question s o f  symbo l  groundin g an d semanti c ar -
bitrarines s ar e no t  ofte n addresse d i n developin g 
computationa l  system s wit h representationz d prop -
erties .  I t  ha s bee n mor e usua l  t o determin e b y fiat 
th e natur e o f  th e representationa l  primitive s an d 
t o attemp t  t o creat e meaningfu l  relation s betwee n 
thes e units .  A n alternativ e i s t o induc e th e repre -
sentationa l  syste m from  th e propertie s o f  th e inpu t 
t o th e system .  Thi s i s  no w quit e c o m m o n i n th e 
connectionis t  world ,  wher e on e determine s a n ar -
chitecture ,  a  trainin g algorithm ,  a n inpu t  set ,  an d 
possibl y a n outpu t  se t  an d th e networ k i s the n lef t 
t o devis e a  suitabl e representation .  I n thi s manner , 
one i s assure d tha t  whateve r  th e fina l  representa ^ 
tion ,  it s  relationshi p t o th e propertie s o f  th e inpu t 
whic h ar e relevan t  t o th e tas k a t  han d wil l  b e non -
arbitrary . 

Distribute d representations ,  a s foun d i n connec -
tionis t  networks ,  posses s m a n y wel l  know n desir -
abl e propertie s fEinto n e t  al. ,  1986) .  O n e signifi -
can t  drawback ,  nowever ,  i s  tha t  thes e representa ^ 
tion s ar e har d t o interpret .  A  networ k m a y hav e 
solve d a  task ,  an d w e ca n tes t  th e solutio n an d it s 
generality ,  bu t  w e m a y stil l  hav e onl y a  vagu e no -
tio n o f  ho w thi s ha s bee n achieved .  I n som e cases , 
analytica l  mathematica l  technique s ar e available . 
For  example ,  w e ca n determin e ho w a  perceptro n 
has partitione d th e inpu t  space ,  an d w e ca n pre -
dic t  tha t  wher e n o suc h linea r  decompositio n o f  th e 
tas k exists ,  th e networ k wil l  neve r  b e abl e t o solv e 
i t  (Minsk y &  Papert ,  1969) .  Anothe r  wa y t o pee k 
int o th e dar k worl d o f  distribute d representation s 
i s th e us e o f  cluste r  analysi s t o examin e th e sim -
ilaritie s betwee n th e representation s develope d fo r 
vector s i n th e trunin g se t  (Elman ,  1990) . 

Thi s pape r  wil l  presen t  a n alternativ e techniqu e 
fo r  studyin g representatio n — a  techniqu e tha t  i s 
particularl y usefu l  fo r  examinin g th e natur e o f  so -
lution s arrive d a t  b y a  recurren t  networ k i n a  serie s 
of  simpl e sequenc e discriminatio n problems .  Re -
curren t  network s preserv e som e histor y o f  previou s 
state s throug h thei r  recurren t  links ,  said ,  accord -
ingly ,  the y hav e bee n widel y use d i n th e processin g 
of  tempora l  patterns .  Sinc e w e ar e the n dealin g 
wit h th e tempora l  evolutio n o f  a  system ,  i t  i s  nat -
ura l  t o conside r  th e networ k a s a n instanc e o f  a 
dynami c system ,  s o tha t  th e tool s o f  Dynami c Sys -
tem s Theor y m a y b e employed . 
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Figur e 1 :  Networ k architecture .  Th e inpu t  laye r 
consist s o f  a  smed l  numbe r  o f  linea r  nodes .  Thes e 
ar e full y  connecte d t o th e sigmoi d node s a t  th e re -
curren t  layer ,  wher e al l  node s &i c interconnected , 
includin g self-recurren t  connections .  Trainin g val -
ues ar e provide d fo r  onl y on e o f  th e recurren t  node s 
— o n (activatio n =  1 )  signifie s recognitio n o f  a  tar -
get  pattern ,  otherwis e th e nod e remain s of f  (acti -
vatio n =  0) . 

Connectionis t  N e t w o r k s a s D y n a m i c 
Sys tem s 

The simples t  wa y t o regar d a  networ k a s a  dy -
nami c syste m i s t o regar d th e trainin g variable s 
(weights ,  biases )  a s fuce d constants ,  an d t o conside r 
onl y th e variatio n i n uni t  activation s ove r  tim e fo r 
th e traine d network .  I n fact ,  a s th e trainin g set s 
used herei n cont^ne d a  smal l  se t  o f  possibl e inpu t 
vectors ,  w e ma y loo k a t  th e syste m behavio r  unde r 
constan t  vecto r  input ,  determin e al l  attrcictor s an d 
basin s o f  attractio n fo r  thi s input ,  an d repea t  fo r 
al l  possibl e inputs .  Fo r  mos t  (bu t  no t  a l  )  cases , 
th e phas e portrai t  fo r  eac h inpu t  vecto r  wil l  the n 
simpl y b e a  singl e poin t  attracto r  an d it s associate d 
basi n o f  attraction ^  I n thi s simples t  case ,  th e net -
wor k i s functionin g a s a  conten t  addressabl e mem-
or y (Kohonen ,  1987) . 

Wit h mor e tha n thre e node s i n th e recurren t 
layer ,  th e stat e spac e o f  th e networ k i s  o f  to o hig h a 
dimensio n t o b e directl y represented .  Trajectorie s 
and attractor s ma y howeve r  b e plotte d i n a  lowe r 
dimensiona l  spac e usin g th e techniqu e o f  Princi -
pal  Componen t  Analysis ,  whic h identifie s a  smalle r 
number  o f  orthogona l  axe s i n stat e space ,  alon g 
whic h vstrianc e i s maximized .  Al l  phas e portrait s 
presente d i n thi s pape r  ar e schemati c view s o f  th e 
firs t  tw o princip>a l  components .  W e foun d anedysi s 
of  thes e tw o alon e t o b e sufficien t  t o understan d th e 
natur e o f  th e solution s obtaine d b y th e networks . 

General procedure 

For  th e followin g simulations ,  th e networ k archi -
tectur e o f  Figur e 1  wa s used .  Th e simpl e linea r 
inpu t  node s pas s eac h componen t  o f  a n inpu t  vec -
to r  t o al l  th e node s a t  th e recurren t  layer .  Th e 
stat e spac e o f  th e networ k ca n b e regarde d a s a n n -
dimensiona l  spac e wit h on e axi s fo r  eac h recurren t 

Inpu t 
Tcctor i 

000 
000 
100 
100 
010 
010 
001 
001 

Symboli c 
representatio n 

0 
0 
A 
A 
B 
B 
C 
C 

Tekche i 
value * 

0 
0 
0 
0 
0 
0 
1 
1 
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Tabl e 1 :  Codin g o f  th e exemplar y sequenc e 
O O A A B B C C.  Th e singl e outpu t  nod e i s traine d 
t o remai n of f  imti l  th e fina l  sequenc e elemen t  ap -
pears . 

node .  I n th e simulation s reporte d her e w e use d 7 
recurren t  nodes .  Ther e wer e typicall y 2  o r  3  in -
put  nodes .  Inpu t  vector s wer e simpl e 2 -  o r  3 -  com -
ponen t  mutuall y orthogona l  vectors .  Al l  task s in -
volve d a  trunin g se t  divide d int o targe t  an d dis -
tracto r  sequences .  A  sequenc e consiste d o f  a  num -
ber  o f  element s (A ,  B ,  C  o r  0) ,  eac h o f  whic h coul d 
be presente d fo r  on e o r  mor e tim e steps .  A  typica l 
sequenc e i s show n i n Tabl e 1 . 

The Real-Tim e Recurren t  Learnin g algorithm , 
usin g th e metho d o f  teache r  forcing ,  from  Willieim s 
and Zipse r  (1989 )  wa s use d t o trai n th e network . 
Prescribe d ̂ u e s wer e onl y give n fo r  on e o f  th e re -
curren t  nodes .  Thi s nod e wa s traine d t o sta y of f 
(activatio n =  0 )  unti l  th e fina l  elemen t  o f  a  se -
quenc e wa s presente d an d the n t o com e o n (acti -
vatio n =  1 )  i f  th e sequenc e wa s a  targe t  sequence , 
and otherwis e t o remu n off . 

Simple Sequence Identification 

Fro m previou s wor k (Anderso n e t  al. ,  1991 ;  Cum-
min s e t  al. ,  1993) ,  w e kne w bot h tha t  a  networ k o f 
th e abov e typ e coiil d solv e a  simpl e sequenc e identi -
ficatio n task ,  an d wha t  th e qualitativ e dynamic s o f 
th e resultin g syste m ar e like .  I n thos e simulations , 
network s learne d t o discriminat e sequence s suc h a s 
O A BC from  one s suc h a s O B A C,  O B C A etc .  Se -
quence s wer e precede d b y on e o r  mor e ser o vector s 
i n orde r  t o restar t  th e networ k from  th e sam e regio n 
of  stat e spac e eac h time .  I f  w e trune d a  networ k 
by presentin g eac h elemen t  i n th e sequenc e fo r  mor e 
tha n on e tim e ste p (i.e .  presentin g O O A A B B CC 
rathe r  tha n simpl y O A B C ) ,  w e foun d tha t  th e so -
lutio n obtaine d generalise d t o change s i n presen -
tatio n rat e almos t  withou t  limit ,  an d th e networ k 
coul d stil l  successfull y discriminat e betwee n targe t 
and distracto r  sequences .  Figur e 2  illustrate s ho w 
thi s wa s achieved .  Th e trunin g protoco l  adopte d 
means tha t  recognitio n o f  a  targe t  sequenc e (outpu t 
node N o = 1 )  correspond s t o passag e o f  th e syste m 
trajector y throug h th e hyperplan e N o =  1 -  Thi s 
regio n appear s i n th e principa l  component s projec -
tio n a s a  bounde d rtcognitio n region .  A s th e se -
quenc e i s presented ,  th e trajector y approache s th e 
associate d attracto r  fo r  eac h sequenc e elemen t  i n 
turn .  Th e attractor s hav e bee n fixe d i n a  manne r 
suc h tha t  onl y th e targe t  sequenc e wil l  induc e a  tra r 
jector y throug h thi s region .  Furthermore ,  w e foun d 
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Trainin g se t 

Target Distiactor 

A A C C BB 
C C A A BB 
B B A A CC 

Trainin g se t 

Targets Distractors 

8BAA( X / AABBCC 

,  .̂ iiecognitioi i 
regio n 

Figur e 2 :  Trainin g se t  a n d resultan t  d y n a m i c sys -
t e m fo r  a  s impl e sequenc e identificatio n task .  O n l y 
th e targe t  trajector y passe s t h roug h th e recognitio n 
regio n (th e hyperp lan e N o =  1 ) . 

tha t  varyin g th e rat e o f  presentatio n o f  th e sequenc e 
(presentin g eac h sequenc e e lemen t  fo r  a  greate r  o r 
lesse r  n u m b e r  o f  t i m e f r a m e s )  di d no t  qualitativel y 
alte r  th e trajectories ,  w i t h tn e resul t  tha t  th e net -
w o r k stil l  correctl y discriminate d b e t w e e n target s 
a n d distractors . 

A l t h o u g h th e rate-obliviou s characte r  o f  th e net -
w o r k m i g h t  b e usefu l  fo r  s o m e application s (Port , 
1990) ,  i t  i s  no t  ye t  a  particularl y g o o d m o d e l  o f 
human tempora l  patter n processing .  H u m a n s ex -
hibi t  some ,  bu t  no t  unbounded ,  toleranc e t o rat e 
variatio n an d ar e ver y sensitiv e t o rhythmi c quali -
ties ,  suc h a s durationa l  ratios ,  i n tempora l  pattern s 
(Sorki n e t  al. ,  1982 ;  Sorkin ,  1987) .  I n orde r  t o as -
sess th e suitabilit y  o f  recurren t  network s a s model s 
of  huma n tempora l  patter n processing ,  th e presen t 
stud y investigate s wha t  sor t  o f  tempora l  an d rhyth -
mi c differentiatio n th e networ k i s capabl e of .  I n al l 
th e followin g simulations ,  bot h targe t  an d distrac -
to r  sequence s ar e variant s o f  O A B o r  O A B C tha t 
diffe r  onl y i n th e tempora l  structur e o f  thei r  indi -
vidua l  components . 

Dual Attractors 

The first example presents us with a cautionary 
note .  Th e networ k doe s no t  alway s arriv e a t  a  so -
lutio n whic h accord s wit h th e investigator' s under -
standin g o f  th e problem .  On e migh t  hop e t o lear n 
fro m th e trainin g se t  show n i n Figur e 3  whethe r  th e 
networ k ca n lear n t o tel l  sequence s i n whic h eac h el -
ement  i s presente d fo r  th e sam e lengt h o f  tim e from 
thos e wit h varyin g elemen t  duration .  However ,  a n 
alternativ e solutio n i s t o d o a  simpl e parit y chec k 
on th e sequenc e precedin g th e fina l  elemen t  (C) , 
withou t  differentiatin g betwee n A ,  B  o r  0  (zero) . 

OOABBC 
OOAABC 

OOABC 
OOAABBCC 

Figur e 3 :  Trainin g se t  an d induce d dynamic s fo r  a 
syste m whic h develop s dua l  attractor s fo r  a  singl e 
inpu t  vecto r  t o im p emen t  a  parit y checker .  Th e 
firs t  ser o vecto r  inpu t  bring s th e syste m t o th e 
grou p o f  attractor s o n th e right  han d side . 

Targe t  pattern s hav e a n eve n numbe r  o f  timestep s 
prio r  t o th e fina l  element ,  distractor s hav e a n od d 
number .  Th e networ k arrive d a t  a  rathe r  biziirr e 
solutio n whic h i n fac t  implement s a  parit y checker . 
Each inpu t  vecto r  ha s a n attracto r  consistin g o f 
a pai r  o f  point s betwee n whic h th e syste m oscil -
late s wit h constan t  input .  Th e attractor s fo r  A ,  B 
and 0  ar e groupe d closel y together .  O n th e firs t 
timestep ,  th e syste m move s t o th e grou p (A,B,0 ^ 
on th e right  han d side .  I t  the n jump s bac k anc , 
forth ,  irrespectiv e o f  whethe r  A ,  B ,  o r  0  i s  pre -
sented .  Th e rout e o f  appro«u: h followe d o n presen -
tatio n o f  C  differ s accordin g t o whethe r  th e syste m 
i s i n a  stat e nea r  th e right  o r  lef t  grou p o f  attractors . 
I f  a  sequenc e o f  eve n lengt h wa s presented ,  th e se -
quenc e i s a  targe t  an d th e syste m i s i n a  stat e nea r 
th e lef t  han d group .  Th e approac h t o C  i s  the n 
directl y toward s th e lef t  han d C  attractor ,  whic h 
lie s i n th e recognitio n regio n fo r  thi s system .  I f 
th e sequenc e wa s a  distracto r  an d th e trajector y 
i s therefor e comin g fro m th e righ t  han d bunc h o f 
attractors ,  th e approac h t o th e C  attracto r  i s  in -
direct ,  leadin g throug h th e lef t  attracto r  group .  I n 
thi s case ,  a  singl e C  inpu t  vecto r  i s no t  sufficien t 
t o brin g th e networ k int o a  stat e clos e t o th e recog -
nitio n region .  I n thi s rathe r  od d way ,  th e networ k 
has solve d th e proble m set .  Not e tha t  i t  use d parit y 
checkin g rathe r  tha n countin g t o d o so . 

Induc in g a  Periodi c At t racto r 

Can a recurrent network of this kind count? The 
trainin g se t  o f  Fi^r e 4  wa s devise d s o a s t o pre -
clud e a  rate-obliviou s typ e o f  solutio n an d t o re -
quir e th e networ k t o coun t  th e numbe r  o f  A s pre -
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Trainin g set ; 

Targets Disiractore 

OOAAB 
OOAAAB 

OOAB 
OOAAAAB 

Figur e 4 :  Tr^n in g se t  an d resultan t  dynami c sys -
te m use d t o induc e a  periodi c attractor . 

Trainin g se t 

Taigc U 

OOAB 
OOAAAB 
OOAAAAAAB 

Distiacto n 

OOAAB 
OOAAAAB 
OOAAAAABB 

Bo-Bl 

Figur e 5 :  Trainin g se t  an d resultan t  dynami c sys -
te m use d t o induc e a  comple x periodi c attractor . 

cedin g th e first  B .  Pattern s wit h 2  o r  3  A s ar e tar -
gets ,  whil e thos e wit h 1  o r  4  ar e distractors .  T h e 
dynami c syste m arrive d a t  b y trunin g ha s a  peri -
odi c attracto r  fo r  A ,  an d tw o poin t  attractor s fo r  B , 
suc h tha t  th e separatri x fo r  th e basin s o f  attractio n 
fo r  th e tw o B  attractor s divide s th e periodi c attrac -
to r  int o approximatel y tw o halves .  I n thi s manner , 
afte r  presentatio n o f  on e o r  fou r  A s ,  th e syste m i s 
i n th e basi n o f  attractio n o f  on e B  attractor ,  an d 
eithe r  tw o o r  thre e A s leave s i t  i n th e other .  F r o m 
thi s solution ,  w e ca n immediatel y se e h o w thi s sys -
t e m wil l  reac t  t o longe r  sequence s o f  A  followe d b y 
B .  Pattern s wit h 2  o r  3  A s g o t o B i ,  wit h 4  o r  5  t o 
B q ,  6  o r  7  t o B ] ^ ,  etc .  T h e networ k ha s learne d t o 
impos e a  rhythmi c puls e o f  tw o beat s o n a  stead y 
stat e inpu t  ^ A A A A . . . )  an d t o categoriz e string s 
of  A s accordin g t o whetne r  the y en d o n a n eve n o r 
od d n u m b e r  o f  pulses . 

Becaus e o f  th e discret e natiu e o f  th e simulation s 
wher e A T =  1 ,  th e trajectorie s ar e no t  continuous , 
bu t  instea d the y ste p aroun d th e periodi c attracto r 
as illustrated .  I n fact ,  runnin g th e networ k wit h a 
smalle r  A T show s tha t  th e A  attracto r  i n th e con -
tinuou s cas e i s i n fac t  a  poin t  locate d a t  th e cente r 
of  th e periodi c attracto r  o f  th e discret e simulation , 
an d th e solutio n n o longe r  works .  T h e solutio n i s 
thu s criticall y dependen t  o n th e discret e m o d e o f 
processing . 

A More Complex Periodic Solution 

Given the behavior observed in the previous net-
work ,  w e sough t  t o induc e mor e comple x dynamic s 
i n th e sam e vein .  Figur e 5  show s a  trainin g se t 
whic h canno t  b e solve d b y a  simpl e puls e recog -
nize r  a s above .  Target s hav e 1 ,  3  o r  6  A s ,  whil e 
distractor s hav e 2 ,  4  o r  5 .  Nonetheless ,  th e solu -
tio n obtaine d i s qualitativel y simila r  t o th e previou s 

one .  Again ,  th e elemen t  t o b e 'counted '  develop s c 
periodi c attractor ,  whil e th e final  elemen t  dev e op i 
tw o poin t  attractors ,  on e associate d wit h target ) 
an d on e wit h distractors ,  wit h a  separatri x divid -
in g th e periodi c attracto r  dependin g o n phas e an -
gle .  Thi s tim e howeve r  th e cycl e i s traverse d alon g 
th e pat h o f  th e five-pointed  star ,  a s illustrated ,  h 
th e previou s solutio n impose d a  2-bea t  puls e o n a 
constan t  inpu t  an d distinguishe d betwee n eve n an d 
od d pulses ,  thi s networ k impose s a  5/ 4 rhyth m o n 
continuou s inpu t  an d discriminate s betwee n beat i 
1 an d 3  o n th e on e hand ,  an d beat s 2 ,  4  an d 5  o n 
th e other . 

T h e trainin g se t  use d t o induc e thi s syste m i s 
ver y small ,  an d i f  th e periodi c natur e o f  th e so -
lutio n i s t o successfull y generalis e t o significantl y 
longe r  sequence s o f  A ,  th e sixt h ste p aroun d th e 
periodi c attracto r  mus t  coincid e exactl y wit h tha t 
of  th e first.  I n fact ,  i n testin g thi s wit h contin -
uou s inpu t  o f  A  w e obtune d th e phas e shiftin g 
trajector y show n i n Figur e 6  A ,  whic h wil l  even -
tu^l y generalis e 'incorrectly '  fo r  longe r  patterns . 
We the n subjecte d th e networ k t o furthe r  trainin g 
wit h isolate d vector s havin g a  muc h large r  numbe r 
of  A s ,  givin g a s teache r  vsJue s th e categorizatio n 
whic h woul d resul t  i f  th e sixt h ste p coincide d ex -
actl y wit h th e first.  Afte r  ver y littl e training ,  th e 
trajector y show n i n Figur e 6  B  wa s obtained .  I n 
efiiect ,  w e ha d succeede d i n fine  timin g th e phas e 
of  th e 5/ 4 attracto r  s o tha t  th e networ k recognize d 
sequence s base d o n thei r  numbe r  o f  A s modul o 5 . 

Discussion 

One objection to coimectionist style modelling is 
th e blac k bo x natur e o f  th e representationa l  sys -
tem s whic h result .  Th e abov e analysi s o f  severa l 
traine d network s ha s show n on e manne r  wit h whic h 
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Befor e 

Figur e 6 :  Fin e Tun in g o f  a  Periodi c Attractor .  A : 
Trajector y o n continuou s presentatio n o f  A  befor e 
tuning .  B :  Trajector y afte r  tunin g 

t o gai n insigh t  int o h o w a  networ k ha s solve d a 
problem ,  an d whic h 'tools '  ca n b e employe d b y th e 
networ k i n attemptin g t o satisf y th e constraint s im -
pose d b y a  tridnin g se t  o f  sequentia l  patterns .  T h e 
network s studie d share d a  c o m m o n architecture , 
trunin g algorith m an d trainin g regime ,  s o tha t  in -
ference s d r a w n abou t  thei r  capacitie s an d procliv -
itie s cannot ,  withou t  furthe r  investigation ,  b e ex -
tende d t o othe r  cases .  F r o m th e abov e results ,  w e 
sa w tha t  th e networ k solve s thi s kin d o f  sequenc e 
identificatio n tas k b y th e locatio n o f  poin t  a n d pe -
riodi c attractor s an d th e shapin g o f  thei r  respectiv e 
basin s o f  attraction . 

F r o m w h a t  w e observed ,  ther e doe s no t  see m t o 
be an y straightforwar d w a y fo r  thes e network s t o 
count .  T h e y ca n howeve r  lear n t o perfor m m o d -
ul o arithmetic ,  base d o n m a n y kind s o f  underlyin g 
rhythmi c structur e i n th e trainin g set .  T h e sort s 
of  system s w e observe d giv e indication s a s t o wher e 
thes e network s migh t  b e usefull y employe d i n cogni -
tiv e modelling :  sequenc e discrimination ,  wher e in -
sensitivit y t o rat e o f  presentatio n i s a  desire d prop -
erty ,  ca n b e easil y accomplished .  A n unexpecte d 
findin g i s tha t  th e network s hav e th e abilit y  t o un -
eart h periodi c regularitie s i n thei r  inpu t  se t  a n d t o 
interpre t  stead y stat e inpu t  i n term s o f  th e learne d 
periodicity .  Thi s suggest s possibl e applicatio n i n 
model s o f  r h y t h m perceptio n and ,  perhaps ,  pro -
duction .  T h e phas e tunin g carrie d ou t  i n th e fina l 
exampl e illustrate s h o w knowledg e o f  th e desire d 
dynamic s ca n b e applie d i n th e exac t  determina ^ 
tio n o f  th e resultin g d y n a m i c system . 

A n y networ k whic h solve s a  tempora l  patter n 
recognitio n proble m ca n b e usefull y regarde d a s a 
dynami c system .  I n s o m e cases ,  knowledg e o f  th e 
dynamic s o f  th e desire d fina l  syste m m a y b e avail -
able ,  an d recen t  technique s develope d b y C o h e n 
(Cohen ,  1992 )  provid e analytica l  m e t h o d s fo r  th e 
constructio n o f  a  se t  o f  d y n a m i c equation s whic h 
allo w th e locatio n o f  bot h poin t  an d periodi c at -
tractor s wit h precision .  I n ou r  approadi ,  however , 
th e desire d dynamic s i s no t  derive d analytically , 
bu t  i s  induce d b y th e tempora l  propertie s o f  th e 
trunin g set .  Thi s seem s desirable  £ ro m a  cogni -
tiv e modellin g poin t  o f  view ,  i f  w e regar d neura l 
system s a s comple x d y n a m i c system s whic h hav e 
evolve d b y inductio n f ro m th e informatio n i n an d 
constraint s o f  th e environment .  Know ledg e o f  h o w 
th e tempora l  propertie s o f  th e environmenta l  stim -

ulu s ar e relate d t o th e resultin g d y n a m i c syste m 
appear s necessar y i n orde r  t o construc t  actua l  m o d -
el s o f  tempora l  procetso n e.g .  fo r  mus i c o r  speec h 
recognition .  B y m d u c i n g a  representationa l  syste m 
directl y from  th e propertie s o f  th e environmenta l 
stimulus ,  w e ar e assure d o f  a  non-arbitrar y rela ^ 
tionshi p betwee n tha t  representationa l  syste m a n d 
th e physica l  world . 

Analysin g cognitiv e mode l s a s d v n a m i c system s 
require s u s t o adop t  a  n e w vocabulary .  O n e prob * 
le m whic h remain s i s t o decid e h o w th e notio n o f 
representatio n m a y b e use d i n talkin g abou t  dy -
n a m i c system s (va n Gelder ,  1992) .  I n th e abov e 
analyses ,  i t  u  eas y t o believ e tha t  on e i s lookin g 
at  th e representation s thes e system s hav e devel -
oped ,  bu t  i t  b  har d t o pu t  one' s finge r  o n s o m e on e 
thin g whic h m igh t  qualif y a s a  representation .  V a n 
Gelde r  a n d Por t  (1993 )  hav e suggeste d tha t  th e dis -
cret e trajector y segment s migh t  qualif y a s th e 'sym -
boloids '  f ro m whic h compositiona l  representation s 
migh t  b e developed .  However ,  a s argue d b y Free -
m an (Freema n S c Skarda ,  1990) ,  i t  m a y b e tha t  th e 
standar d vocabular y o f  representationa l  system s i n 
uiMuite d t o th e interpretatio n o f  cognitio n a s dy -
n a m i c proces s rathe r  thiu i  symboli c content . 
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