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A b s t r a c t 

This work addresses the question of how neu-
ra l  network s self-organis e t o recognis e familia r 
sequentia l  patterns .  A  neura l  networ k mode l 
wit h mil d constraint s o n it s  initia l  architec -
tur e learn s t o encod e th e directio n o f  spec -
tra l  motio n a s auditor y stimul i  excit e th e unit s 
i n a  tonotopicall y arrange d inpu t  laye r  lik e 
tha t  foim d afte r  periphera l  processin g b y th e 
cochlea .  Th e networ k consist s o f  a  serie s o f  in -
hibitor y cluster s wit h excitator y interconnec -
tion s tha t  self-organis e a s stream s o f  stimul i 
excit e th e cluster s ove r  time .  Self-organisatio n 
i s achieve d b y applicatio n o f  th e learnin g 
heuristic s develope d b y Marshal l  (1990 ^  fo r 
th e self-organisatio n o f  excitator y an a in -
hibitor y pathway s i n visua l  motio n detection . 
Thes e heuristic s ar e implemente d throug h lin -
ear  thresholdin g equation s fo r  uni t  activatio n 
havin g faster-than-linea r  inhibitor y response . 
Synapti c weight s cir e learne d throughou t  pro -
cessin g accordin g t o th e competitiv e algorith m 
explore d i n Malsbur g (1973) . 

The Perception of Spectral Motion 

T h e processin g o f  sequentia l  stimul i  i s  a n essen -
tia l  componen t  o f  auditor y an d visua l  perceptio n 
i n mcui y animals .  Recen t  effort s hav e resulte d i n 
learnin g algorithm s tha t  ca n b e use d t o encod e 
sequentia l  pattern s withi n autoassociativ e (Reis s 
& Taylor ,  1991 ;  Metsge r  t c Lehmann ,  1990 ;  El -
m a n,  1990 )  an d supervise d paradigm s (Wan g & 
Arbib ,  1990 ;  Foldiak ,  1991) .  W e believ e tha t 
thes e approache s ca n b e successfull y extende d t o 
th e self-organisatio n o f  sequentia l  patter n detec -
tor s throug h th e integratio n o f  a  hierarch y o f  net -
wor k layers ,  eac h o f  whic h i s sensitiv e t o particula r 
attribute s o f  a  sequentia l  inpu t  stream .  Thi s re -
por t  detail s a n implementatio n o f  th e firs t  modul e 
of  a  syste m fo r  buildin g representation s o f  sequen -
tiii l  auditor y pattern s tha t  ar e statisticall y salien t 
i n a n animal' s environment .  W h e n expose d t o a n 
environmen t  consistin g o f  frequenc y sweeps ,  soun d 
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bursts ,  an d constan t  frequenc y component s thi s 
modul e learn s t o detec t  directio n o f  motio n fro m 
a l-dimensiona l  tonotopi c inpu t  array . 

Neura l  pattern s o f  respons e t o auditor y stimul i 
trave l  fro m th e basila r  membran e t o th e auditor y 
corte x vi a th e cochlea r  nucleus ,  inferio r  colliculus , 
an d media l  geniculate .  Ther e i s  littl e doub t  tha t 
highe r  an d highe r  center s o f  auditor y processin g re -
spon d t o auditor y stimul i  o f  increasin g complexit y 
an d duratio n (Pickles ,  1988) .  Stimul i  wit h chang -
in g frequenc y ar e importan t  t o m a n y specie s fo r 
communication ,  navigation ,  an d targe t  tracking . 
For  example ,  withi n th e mustache d bat ,  sensitivit y 
t o frequenc y modulate d tone s ( F M )  ha s bee n foun d 
at  th e cochlea r  nucleu s (Suga ,  1990) .  Auditor y cor -
te x apparentl y contun s larg e number s o f  unit s tha t 
respon d bes t  t o specie s specifi c  call s (Aitkin ,  1990 ) 
whic h ar e usuall y temporall y an d spectrall y com -
plex .  Whitfiel d an d Evan s (1965 )  discovere d tha t 
th e majorit y o f  a  sampl e o f  10 4 cell s o f  auditor y 
corte x responde d onl y t o frequenc y modulatio n i n a 
particula r  direction .  Th e effec t  o f  rat e o f  frequenc y 
modulatio n o n cel l  respons e wa s minima l  thoug h 
perceptibl e fo r  som e cells .  W e thu s propos e tha t 
an importan t  firs t  tas k o f  th e auditor y pathwa y i s 
th e rate-invarian t  determinatio n o f  directio n o f  mo -
tio n acros s th e spectru m fo r  non-constan t  stimuli . 

Th e motio n detectio n mode l  presente d her e con -
vert s a n inherentl y tempora l  patter n int o a  spa -
tia l  cod e (uni t  activity]) .  Thi s m a y b e usefu l  i f 
furthe r  processin g i s t o isolat e sequentia l  pattern s 
usin g spatia l  learnin g mechanism s lik e competitiv e 
learnin g o r  th e delt a rule .  Sinc e th e non-stationar y 
aspec t  o f  signal s i s mor e importan t  t o speec h tha t 
stead y frequenc y components ,  direc t  representatio n 
of  frequenc y chang e emphasise s functionall y rele -
van t  aspect s o f  acousti c signals .  Finally ,  th e pre -
dictiv e aspec t  o f  motio n detectio n shoul d permi t  se -
quenc e trackin g t o b e robus t  i n th e comple x acous -
ti c environmen t  face d b y mos t  animals . 

Auditory Motion Layer 

Preprocessing 

For testing on actual auditory stimuli, input to 
th e mode l  approximate s respons e characteristic s o f 
th e auditor y nerve .  Thes e characteristic s coul d 
be modele d usin g a  mode l  lik e tha t  studie d i n 
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(Del^tte ,  1982) ,  bu t  ar e merel y •imulate d here . 
Th e importan t  propert y o f  th e preprocesso r  i s tha t 
i t  consist s o f  a n arra y o f  linea r  bandpas s filters ,  eac h 
followe d b y adaptatio n tha t  lead s t o rapi d ON-typ e 
respons e an d the n deca y t o a  m u c h lowe r  value . 
Consequently ,  th e inpu t  stimul i  use d i n thes e sim -
ulation s consist s o f  sequence s o f  binary-value d pat -
tern s sweepin g acros s th e inpu t  fiel d a s thoug h O N -
typ e response s ha d bee n filtere d throug h a  cutoff -
threshold . 

Model and Learning 

The topolog y an d learnin g heuristic s of  th e presen t 
model  ar e adapte d fro m thos e presente d i n (Mar -
shall ,  1990 )  fo r  th e processin g o f  visua l  motio n an d 
velocit y information .  Marshall' s  mode l  employe d 
th e shuntin g equation s studie d b y Grossber g (1973 ) 
and th e competitiv e learnin g equation s outline d i n 
Carpente r  k  Grossberg ,  1987) .  I n earl y simu -
ation s i t  wa s foun d tha t  th e shuntin g equation s 
iropose d b y Marshal l  contai n a  numbe r  o f  stron g 
inearitie s tha t  requir e carefu l  numerica l  integra -

tio n an d ar e therefor e computationall y  expensive . 
Thes e equation s wer e revise d i n orde r  t o mak e pos -
sibl e th e eventua l  simulatio n of  muc h large r  net -
work s necessar y t o speec h processin g ove r  th e en -
tir e audibl e spectrum .  W e foun d tha t  th e essentia l 
feature s o f  Marshall' s  mode l  ar e retaine d i n th e cur -
ren t  formulation . 

The motio n detectio n laye r  (Figur e 1 )  i s a  tono -
topi c laye r  o f  inhibitor y clusters ,  th e unit s o f  whic h 
ar e connecte d t o th e unit s o f  al l  othe r  inhibitor y 
cluster s i n th e sam e laye r  b y excitator y connec -
tion s havin g fixe d delay .  T h e cluster s themselve s 
ar e on-cente r  off-surroun d anatomie s tha t  empha -
sis e th e activatio n o f  th e uni t  wit h greates t  acti -
vation .  Eac h inpu t  lin e connect s t o al l  unit s i n a 
singl e cluste r  correspondin g t o th e receptiv e fiel d 
represente d b y th e inpu t  line ,  thu s preservin g th e 
tonotopi c arrangemen t  o f  th e inpu t  units . 

Initiall y  th e latera l  excitator y connection s be -
twee n unit s o f  th e motio n detectio n laye r  ar e 
randoml y connection .  Ove r  tim e thes e connec -
tion s organis e themselve s t o represen t  th e spatio -
tempora l  correlation s presen t  i n th e inpu t  environ -
ment .  Learnin g i s proportiona l  t o th e degre e t o 
whic h bottom-u p inpu t  t o a  uni t  coincide s wit h in -
put  fro m unit s i n othe r  clusters .  A  uni t  tha t  re -
ceive s bot h bottom-u p an d latera l  excitatio n tend s 
t o suppres s othe r  unit s i n it s cluste r  and ,  a s a  re -
sult ,  learn s mor e strongl y tha n othe r  unit s i n it s 
cluster .  Competitio n betwee n unit s ensure s tha t 
th e unit s o f  eac h cluste r  respon d t o differen t  inpu t 
patterns . 

Unit Equations. The essential attributes of 
unit s i n th e inhibitor y cluster s ar e determine d b y 
th e necessit y tha t  al l  unit s i n a  cluste r  activat e i n 
th e presenc e o f  bottom-u p input ,  an d th e opposin g 
requiremen t  tha t  combine d latera l  an d bottom-u p 
excitatio n caus e winner-take-al l  behavior .  More -
over ,  th e selectio n o f  th e mos t  strongl y activate d 
uni t  i n a  cluste r  mus t  b e rapid ,  o r  intermediat e ac -
tivatio n value s wil l  corrupt  learning .  O n e ca n distil l 

Cochlea r  Mode l 
(assumed ) 

RringR»t e 
Motio n Detectio n 
Laye r 

Figur e 1 :  Laye r  o f  unit s responsibl e fo r  detectio n 
of  motion .  Inhibitor y cluster s ar e enclose d b y a n 
ellipse .  Al l  excitator y connection s fro m a  singl e 
uni t  o f  on e cluste r  ar e shown . 

th e essentia l  behavio r  o f  Marshall' s  motio n detec -
tio n mode l  t o th e followin g fou r  points : 

1. The network must be stable. 

2.  W h e n inpu t  t o a  uni t  fall s  t o zer o th e unit' s  ac -
tivatio n mus t  rapidl y deca y t o zero . 

3.  A t  lo w activatio n value s unit s i n a  cluste r  ca n b e 
simultaneousl y jw:tive . 

4.  A t  hig h activation s th e uni t  havin g greates t  ac -
tivatio n rapidl y saturate s whil e simultaneousl y 
suppressin g othe r  unit s i n a  cluster . 

All units in the motion detection layer obey the 
equatio n 

(1) x,(t +1) = xjit)[l - -yrAi] + rAt /(/,+ 

N N 

wher e /  i s  th e linea r  threshol d functio n 

/(- ) 

{ 0 z < 0 
z  0 < z 
1 z > 1 

< 1 

T h e uni t  activatio n functio n i s th e Eule r  approxi -
matio n t o th e correspondin g differentis d equation , 
an d discretizatio n i s controlle d b y th e valu e o f  At . 
T h e parameter s r  an d 7  ar e th e tim e constan t  o f  a 
uni t  an d it s deca y rate ,  respectively .  Thes e param -
eter s ar e th e sam e fo r  al l  units .  T h e tû -  ar e exci -

tator y synapti c weight s fro m uni t  i  t o j ,  an d th e 
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w^-  ar e thei r  inhibitor y counterparts .  Inhibitor y 
weight s wer e al l  se t  t o on e valu e a a describe d i n th e 
nex t  section .  Fo r  al l  simulation s reporte d belo w 
th e valu e o f  th e dela y alon g excitator y connection s 
w as J b =  10 .  Bot tom-u p connection s ha d a  dela y o f 
on e tim e step .  T h e us e o f  th e linea r  threshol d func -
tio n ensure s boundedness ,  wherea s th e faster-than -
linea r  inhibitio n satisfie s condition s 3  an d 4  above . 
At  hig h activatio n values ,  th e winnin g uni t  quickl y 
saturate s an d suppresse s othe r  units ,  wherea s a t 
lo w activatio n value s al l  unit s i n a  cluste r  remai n 
activ e fo r  considerabl y longer . 

Ignorin g th e nonlinearit y / ,  on e ca n solv e fo r  th e 
equilibriu m solutio n o f  (1) . 

'' = F^T) 

When Ij = 0 for all j, the network settles to an 
equilibriu m valu e o f  z  =  0 .  I f  th e latera l  exci -
tator y connection s ar e ignored ,  an d th e matri x o f 
inhibitor y connection s i s symmetric ,  the n th e net -
wor k converge s t o it s equilibriu m (Cohe n k  Gross -
berg ,  1983) .  Unles s properl y chosen ,  non-ser o lat -
era l  excitator y connection s wil l  introduc e positiv e 
feedbac k tha t  ca n caus e al l  unit s i n th e networ k 
t o permanentl y saturate .  I n practic e thi s doe s no t 
occu r  becaus e w h e n a  connectio n from  on e uni t  t o 
anothe r  i s large ,  th e correspondin g recurren t  con -
nectio n i s ver y small . 

t 

f 

• 
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Figur e 2 :  Artificiall y  produce d stimul i  use d t o ex -
amin e self-organizatio n o f  motio n detection .  A . 
Frequenc y modulate d "up "  an d "down "  sweep s a t 
tw o differen t  rate s (1/ 8 an d 1/10) .  B .  Burst s con -
sistin g o f  r ando m inpu t  fo r  limite d durations . 

correlation s tha t  occu r  w h e n delaye d latera l  exci -
tatio n i s strongl y correlate d wit h bottom-u p acti -
vatio n fro m inpu t  t o th e motio n detectio n layer . 
Becaus e shorte r  connection s ar e initiall y  stronger , 
unit s ar e mor e likel y t o encod e loca l  transitio n in -
formation . 

N e t w o r k Initialisation .  Initiall y w e se t  al l  o f 
th e inhibitor y weight s withi n cluster s t o j ^ ,  wher e 
Nc i s th e n u m b e r  o f  unit s pe r  cluster .  Excitator y 
weight s betwee n al l  unit s outsid e a  cluste r  favo r 
loca l  connection s an d wer e se t  t o 

where r is a random variable drawn from a uniform 
distributio n o n [-0.3,0.3] .  T h e variabl e Z i  i s th e 
locatio n o f  th e it h uni t  i n th e arra y o f  unit s an d 
correspond s t o th e inde x o f  tha t  cluste r  withi n th e 
entir e layer ,  thu s th e thir d cluste r  ha s Z {  =  3  fo r  al l 
unit s »  i n th e thir d cluster .  A t  presen t  inhibitor y 
connection s ar e no t  shape d b y learning . 

Learning Equations. Learning of excitatory 
weight s i s Hebbian ,  an d follow s Malsbur g (1973 )  i n 
requirin g tha t  th e s u m o f  al l  excitator y weight s t o 
a uni t  remai n constan t  ove r  time .  Weigh t  normal -
isatio n implement s competitio n betwee n incomin g 
signal s tha t  heavil y favor s connection s betwee n si -
multaneousl y activ e units . 
W±=W±+€XiXj^ 

w ± = E 
w ^ 

T h e networ k learn s o n ever y tim e cycle .  Ove r  tim e 
th e synapti c weight s encod e th e spatio-tempora l 

S i m u l a t i o n s 

F M S w e e p Stimuli .  T h e self-organisin g proper -
tie s of  th e mode l  wer e studie d i n condition s corre -
spondin g t o idea l  realisation s o f  inpu t  fro m cochlea r 
preprocessing .  A  networ k consistin g of  1 0 inpu t 
unit s an d 1 0 cluster s o f  3  motio n detectio n unit s 
was expose d t o F M sweep s beginnin g a t  al l  1 0 o f  th e 
unit s (i.e. ,  al l  te n differen t  frequencies )  fo r  10,00 0 
tim e steps .  Monotonicall y increasin g an d decreas -
in g sweep s occurre d a t  3  differen t  rate s ( 1 frequenc y 
ste p pe r  8 ,  9 ,  an d 1 0 tim e steps) .  Th e inpu t  fo r 
eac h frequenc y simulate d ON-typ e cel l  respons e b y 
remainin g o n fo r  5  tim e step s an d the n fallin g t o 
0.  Spectra l  representation s o f  som e o f  thes e stim -
ul i  ar e show n i n Figur e 2 .  T h e inclusio n o f  stimul i 
tha t  begi n a t  al l  frequencie s enhance s learnin g o f 
unit s alon g th e edge s of  th e motio n detectio n laye r 
by reinforcin g delaye d connection s from  tonotopi -
call y nea r  neighbors .  I f  stimul i  begi n onl y a t  th e 
edg e of  a  detectio n layer ,  distan t  connection s ar e 
most  relevan t  t o detectio n a t  th e othe r  edg e an d 
motio n i s no t  disambiguate d a s wel l  fo r  thos e units . 
Al l  stimul i  wer e separate d b y period s o f  zer o inpu t 
t o permi t  previou s activation s t o decay .  I n th e ab -
senc e o f  inpu t  mos t  activation s decaye d afte r  abou t 
3 iterations . 

T h e value s o f  parameter s use d i n al l  simulation s 
ar e liste d below . 
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Descriptio n 
diicretiiatio n 
uni t  tim e const . 
uni t  deca y const . 
su m o f  weight s 
latera l  dela y 
learnin g rat e 

Paramete r 
At 
T 
7 
E 
k 
c 

Valu e 
0. 2 
3. 3 
1. 1 
1. 3 
10 
0.0 7 

As woul d b e expected ,  thos e network s expose d 
t o stimul i  a t  a  singl e rat e (no t  shown )  develo p th e 
most  discriminativ e code .  T h e presenc e o f  stimul i 
at  othe r  rate s blur s th e tempora l  correlation s ar -
rivin g a t  successiv e unit s i n th e motio n detectio n 
layer ,  bu t  motio n detectio n i s quit e robus t  acros s 
th e thre e differen t  rates .  Th e outpu t  o f  inpu t  an d 
some o f  th e outpu t  unit s i s show n i n Figur e 3  fo r 
upwar d an d downwar d sweep s a t  th e fastes t  an d 
slowes t  rates .  Fo r  th e sak e o f  clarit y onl y a  sub -
set  o f  th e motio n detectio n output s ar e shown ,  al -
thoug h th e unit s no t  show n her e responde d simi -
larly .  I n th e figur e th e 1 0 inpu t  unit s ar e show n 
at  th e botto m o f  th e graph ,  whil e th e las t  4  clus -
ter s o f  unit s u e groupe d an d draw n abov e main -
tainin g thei r  tonotopi c relationship .  Th e firs t  2  se -
quence s exhibi t  upwar d F M sweeps ,  wherea s th e 
latte r  2  exhibi t  downwar d sweeps .  Dashe d line s 
hav e bee n place d a t  activatio n value s o f  0. 7 t o per -
mi t  compiuriso n o f  uni t  activities .  Conside r  down -
war d swee p first .  Not e tha t  unit s 28-30 ,  th e firs t 
unit s t o fir e fo r  downwar d sweeps ,  ar e stimulate d 
onl y b y bottom-u p activatio n an d therefor e remai n 
moderatel y activ e bu t  d o no t  sho w winner-take-al l 
behavior .  Later ,  uni t  2 7 o f  th e nex t  cluste r  o f  unit s 
(25-27 )  an d the n uni t  2 0 o f  (19-21 )  receiv e bot h 
bottom-u p an d time-delaye d latera l  activatio n an d 
thu s g o supra-threshold ,  consistentl y encodin g di -
rectio n o f  motio n fo r  downwsir d sweep s a t  al l  rates . 
I n lik e manner ,  uni t  2 5 encode s directio n o f  m o -
tio n fo r  upwar d sweeps .  Disjoin t  subset s o f  unit s i n 
each cluste r  lear n t o encod e th e tw o possibl e direc -
tions ,  thoug h th e clxiste r  (22-24 )  doe s no t  respon d 
wel l  t o downwar d sweeps .  Finally ,  not e tha t  th e 
respons e t o upwar d sweep s i s bot h greate r  i n valu e 
and longe r  i n duration .  Thi s occur s becaus e late r 
firin g unit s receiv e inpu t  fro m a  large r  se t  o f  co -
heren t  motio n detectio n cell s alread y respondin g t o 
directio n o f  motion . 

Bursts .  I t  i s  extremel y importan t  tha t  motio n 
detectio n learnin g b e robus t  despit e th e introduc -
tio n o f  nois e an d constan t  frequenc y components , 
sinc e bot h type s o f  stimul i  ar e wel l  represente d i n 
natura l  environments .  W e di d no t  examin e con -
stan t  frequenc y stimuli ,  sinc e thes e involv e self -
excitatio n o f  on e cluste r  an d therefor e produc e n o 
correlatio n betwee n bottom-u p excitatio n cause d 
by spectra l  motio n an d latera l  excitatio n patterns . 
However ,  th e effec t  o f  burst s lik e thos e show n i n 
Figur e 2 ,  whic h produc e spuriou s correlations ,  wer e 
simulated .  W h e n nois e burst s o f  duratio n 5 ,  7 ,  an d 
10 (rando m input )  wer e adde d t o th e F M tas k out -
line d above ,  th e motio n detectio n laye r  stil l  reliabl y 
encode d directio n o f  motio n a t  al l  rates . 

D i s c u s s i o n 

There is an important relationship between stim-
ulu s duratio n an d th e constan t  k  tha t  determine s 
th e duratio n o f  transmissio n delay .  I f  stimulu s du -
ratio n approache s th e valu e o f  k ,  distan t  unit s m a y 
be simultaneousl y active ,  leadin g t o ambiguit y i n 
th e directio n o f  motion .  Thi s ca n caus e incorrec t 
learnin g or ,  worse ,  th e developmen t  o f  weight s tha t 
caus e som e unit s o f  th e networ k t o permanentl y sat -
urate .  Thus ,  stimulu s duratio n mus t  b e sufficien t 
t o permi t  competitio n betwee n unit s i n a  cluster , 
bu t  mus t  no t  b e s o grea t  a s t o caus e to o m a n y si -
multaneousl y activ e unit s i n th e motio n detectio n 
layer . 

I t  i s  instructiv e t o compar e thi s formulatio n o f 
featur e processin g wit h tha t  whic h i s implie d b y 
bottom-u p time-dela y systems .  I f  on e wer e t o as -
sume tha t  motio n sensitivit y o f  th e sor t  advocate d 
i n thi s repor t  wer e founde d o n bottom-u p tim e de -
lays ,  th e motio n detectio n laye r  woul d necessaril y 
hav e t o m a p dissimila r  input s t o th e sam e outpu t 
(Se e Figur e 4. )  Thi s proble m arue s becaus e a s a 
time-delaye d patter n sweep s acros s L2 ,  it s  mani -
festation s a t  differen t  point s i n tim e ar e entirel y 
unrelated .  I n Figur e 4  th e sam e inpu t  patter n a t 
tw o successiv e point s i n tim e i s labelle d P{ t  — 1 ) 
an d P{t) .  A s Rumelhar t  an d McClellan d fl986 ) 
note ,  solution s t o thi s proble m ca n b e foim d b y in -
corporatin g a  hidde n laye r  o f  units .  Unfortunately , 
i n thi s cas e a  hidde n laye r  o f  unit s lead s t o a  ver y 
abstract ,  non-tonotopi c cod e fo r  motio n tha t  i s no t 
easil y learne d withou t  som e for m o f  supervision . 
Thes e problem s ar e overcom e i n a  ver y simpl e man -
ner  i f  bottom-u p tim e delay s ar e replace d b y latera l 
delay s tha t  permi t  th e learnin g o f  spatiotempora l 
correlations . 

Thi s repor t  show s ho w th e shuntin g equation s 
use d b y Marshal l  (1990 )  ca n b e reformulate d an d 
combine d wit h a  differen t  learnin g rul e t o endo w a 
networ k laye r  wit h th e abilit y  t o encod e directio n o f 
motion .  Th e motio n detector s aris e a s chain s o f  ac -
tiv e unit s i n respons e t o statistica l  regularitie s tha t 
woul d occu r  ove r  a  1-dimensiona l  tonotopi c arra y o f 
unit s wit h receptiv e field s limite d t o a  smal l  ban d 
of  frequencies .  Member s o f  th e chun s o f  motio n 
detector s tha t  aris e fo r  mor e rapi d spectra l  pat -
tern s continu e t o encod e directio n o f  motion ,  al -
thoug h th e cod e become s spatiall y  an d temporall y 
sparse .  Fro m th e standpoin t  o f  loca l  computationa l 
constraints ,  detectio n o f  auditor y spectrf J motio n 
provide s a  mean s fo r  discriminatin g tw o pattern s 
tha t  m a y wel l  excit e th e sam e grou p o f  neuron s o n 
th e basi s o f  directio n o f  motion .  Outpu t  fro m th e 
motio n detectio n networ k ca n the n b e interprete d 
by network s tha t  lear n spatia l  patterns ,  leadin g t o 
mor e genera l  sequentia l  patter n recognition . 
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Figur e 3 :  Uni t  activation s ove r  tim e durin g presentatio n o f  4  F M swee p stimuli .  T h e uni t  n u m b e r  o f  eac h 
uni t  i n th e mo t io n detectio n laye r  i s liste d a t  th e lef t  o f  th e graph .  T h e first  tw o stimul i  ar e progressivel y 
faste r  u p w a r d sweep s a t  th e rate s 1/1 0 an d 1/8 ;  th e las t  thre e stimul i  sho w respons e t o d o w n w a r d sweep s 
i n th e s a m e order .  Dashe d line s indicat e a n activatio n o f  0.7 .  Response s belo w thi s valu e ar e considere d 
sub-threshold .  No t e tha t  fo r  eac h cluster ,  unit s tha t  wi n th e competitio n fo r  on e upwar d swee p als o wi n fo r 
al l  othe r  u p w a r d sweeps .  (Inpu t  stimul i  hav e bee n scale d fo r  purpose s o f  illustration. ) 
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Figur e 4 :  Patter n o f  activation s a s a  patter n sweep s 
acros s L I  an d leave s a  time-dela y trac e cicros s laye r 
L2 .  Activation s s h o w n i n L 2 ar e th e superimpo -
sitio n o f  tw o discret e t im e steps ;  th e activation s 
arisin g fro m mot io n o f  a  singl e patter n ar e s h o w n 
i n tw o shade s t o indicat e tha t  the y ar e no t  simul -
taneous . 
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