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R e c o g n i t i o n o f  M e l o d y F r a g m e n t s i n C o n t i n u o u s l y 

P e r f o r m e d M u s i c 

R o b e r t  Por t  a n d S v e n A n d e r s o n 

D e p a r t m e n t  o f  Linguistics ,  D e p a r t m e n t  o f  C o m p u t e r  Sc ienc e 

Indian a University ,  B l o o m i n g t o n ,  Indian a 4 7 4 0 5 

Abstrac t 

The processin g o f  continuou s acousti c signal s i s a  challengin g proble m fo r 

perceptua l  an d cognitiv e models .  Soun d pattern s ar e usuall y handle d b y dividin g th e 

signa l  int o lon g fixed-length  windows—lon g enoug h fo r  th e longes t  pattern s t o b e 

recognized .  W e demonstrat e a  techniqu e fo r  recognizin g acousti c pattern s wit h a 

networ k tha t  run s continuousl y i n tim e an d i s fe d a  singl e spectra l  fram e o f  inpu t  pe r 

networ k cycle .  Behavio r  o f  th e networ k i n tim e i s controlle d b y tempora l  regularitie s 

i n th e inpu t  pattern s tha t  allo w th e networ k t o predic t  futur e events . 

INTRODUCTION 

An important step in the application of neural networks to perceptual problems is 

performanc e tha t  run s continuousl y i n time .  Relevan t  perceptua l  task s includ e (1 ) 

labellin g o f  sequentia l  pattern s an d (2 )  th e predictio n o f  stimulu s events .  Onl y recentl y 

hav e attempt s bee n mad e t o experimen t  wit h network s tha t  handl e sequentia l  input s 

[Eknan ,  1988,Gallan t  an d King ,  1988] .  Achievemen t  o f  thes e goal s mus t  b e attempte d i n 

th e contex t  o f  severe d additiona l  constraints .  First ,  th e networ k shoul d receiv e onl y a 

singl e fram e o f  inpu t  a t  a  time .  Thi s implie s tha t  th e syste m mus t  construc t  a  temporar y 

m e m o ry o f  pa^ t  input s o r  reac h a  distinctiv e stat e tha t  allow s recognitio n o f  pattern s 

tha t  exten d ove r  a  numbe r  o f  inpu t  frames .  Th e employmen t  o f  a  lon g stati c inpu t 

windo w (cf. ,  [Elma n an d Zipser ,  1988 ,  Prage r  e t  al. ,  1986] )  i s  a n unsatisfactor y solutio n 

fo r  biologica l  perceptua l  system s sinc e respons e tim e mus t  the n b e delaye d t o th e en d o f 

th e window ,  preventin g optima l  reactio n tim e [Por t  e t  al. ,  1988] .  A  secon d constrain t  i s 

tha t  th e syste m mus t  b e prepare d t o dea l  wit h pattern s distribute d i n tim e tha t  partiall y 

resembl e eac h othe r  ye t  hav e varyin g durations .  Thi s constrain t  prevent s us e o f  a  built-i n 

restar t  signa l  t o begi n analysi s fro m a  c o m m o n initia l  networ k state ,  suc h a s a t  th e 

beginnin g o f  eac h perceptua l  trial .  Externa l  reset ,  a s foun d i n unfolde d network s 

([Elma n an d McClelland ,  1986]) ,  fixe d windo w network s ([Elma n an d Zipser ,  1988] )  o r 

fixe d lengt h dynami c window s greatl y reduce s th e biologica l  plausibilit y  o f  a  system . 

S o me mean s fo r  resettin g th e syste m tha t  ca n b e partl y controlle d fro m th e botto m u p i s 

require d (cf. ,  [Grossberg ,  1980]) . 

We hav e bee n designin g networ k architecture s wit h a  limite d numbe r  o f  recurren t 

connection s (inspire d b y [Jordan ,  1986] )  fo r  processin g continuou s inpu t  signals ,  wit h th e 
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intention of eventually handling speech. We demonstrate in this paper that a 

modificatio n o f  Real-Tim e Backpiopagatio n [Wilham s an d Zipser ,  1988 ]  permit s 

generalizatio n o f  th e sequentia l  networ k i n interestin g ways .  I n th e simulation s describe d 

below ,  w e emplo y recurren t  loop s o f  node s t o stor e informatio n abou t  th e histor y o f  th e 

signa l  b y trainin g th e syste m t o predic t  th e nex t  input .  Thi s contrast s wit h memor y tha t 

i s eithe r  a  recor d o f  previou s input s (a s i n delay-hn e system s [Waibe l  e t  al. ,  1988] )  o r  a 

recor d o f  previou s nod e activation s ([Jordan ,  1986,Elman ,  1988,Anderso n e t  al. ,  1988]) . 

To suppor t  rese t  o f  th e networ k whe n a  partiall y  recognize d patter n i s t o b e rejected ,  w e 

use sigma-p i  node s [Rumelhar t  e t  al. ,  1986]. ^  Thes e allo w th e activatio n o f  node s i n on e 

cliqu e t o gat e th e activit y o f  anothe r  clique .  I n experiment s wit h thi s systemi ,  w e hav e 

attempte d recognitio n o f  melodi c pattern s produce d b y han d o n a  keyboar d instrument . 

I n thi s way ,  w e dea l  wit h som e form s o f  natura l  variatio n an d demonstrat e th e robustnes s 

of  ou r  syste m withou t  tacklin g th e magnitud e o f  variabilit y  observe d i n speech . 

DYNAMIC GRADIENT DESCENT FOR SIGMA-PI UNITS 

Willaims Sz Zipser [1988] derive a gradient descent alogorithm for computing weight 

change s i n continuousl y runnin g recurren t  networks .  Th e techniqu e require s maintainin g 

a matri x o f  activatio n partial s tha t  i s  update d a t  eac h tim e step .  I n thi s sectio n w e 

exten d th e gradien t  descen t  algorith m t o network s tha t  contai n module s compose d o f 

sigma-p i  units .  Thes e ax e unit s tha t  receiv e weighte d activatio n product s fro m 2  o r  mor e 

othe r  units . 

Suppos e tha t  th e networ k contain s m input s an d n  nodes .  Le t  I  inde x th e se t  o f  al l 

externa l  inputs ,  an d N  inde x eac h nod e i n th e network .  W e ca n the n labe l  inpu t 

activation s usin g th e variabl e x  an d nod e activation s wit h th e variabl e y .  I t  i s 

straightforwar d t o writ e th e inpu t  t o th e nod e indexe d A:  a t  a  tim e t . 

The inpu t  t o a  sigma-p i  uni t  k  ca n b e written : 

akit) = 5:x,(0 + 1/2 X: E wksrys{t)yrit) 
le i  s&Nre N 

Not e tha t  sigma-p i  node s simplif y t o th e cas e o f  sigm a node s i n th e cas e wher e 

yrit )  =  1  Vt ,  s o tha t  thi s derivatio n applie s a s wel l  t o combine d module s o f  sigm a an d 

sigma-p i  nodes .  Fo r  clarit y w e hav e assume d tha t  th e externa l  input s k  ar e weighte d b y a 

constan t  1 .  Th e activatio n o f  nod e k  a t  th e nex t  tim e ste p i s 

y,{t + 1) = M^kit)) 

where ^k is a C^ function. If we know what the output values should be for some group 

of  node s a t  tim e r ,  the n w e ca n defin e a n erro r  functio n fo r  th e network' s performanc e 

usin g th e sum-square s metric . 

^(r) = l/2EM^))' 
keN 

^William s [1986 ]  ha s show n tha t  sigma-p i  connection s ca n comput e an y monotoni c functio n o f  thei r  inputs . 
They hav e bee n use d t o generat e an d maintai n simpl e rhythm s b y Dehaen e e t  al .  [Dehaen e e t  al. ,  1987] . 
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where the error for output node k (e*..) is the difference between the desired value and the 

actua l  outpu t  fo r  nod e k . 

, , , . { . . ( 0 - . « ^ ^ . T ( 0 

wher e th e se t  T{t )  i s  th e (possibl y tim e varying )  se t  o f  indice s fo r  node s fo r  whic h ther e 

exis t  desire d value s a t  tim e t . 

Becaus e th e nod e activation s var y a t  eac h tim e step ,  w e wis h t o minimiz e th e tota l 

erro r  ove r  a  tim e fram e beginnin g a t  < ,  an d endin g a t  t j  b y changin g th e weights .  Thi s 

impHe s changin g th e weight s i n th e directio n o f  th e negativ e gradien t  o f  th e tota l  erro r 

wit h respec t  t o th e weights .  Th e tota l  erro r  ove r  thi s tim e fram e i s th e su m o f  th e 

networ k erro r  a t  eac h tim e frame . 

Sinc e 

induction yields 

Etotat{U,tf) = Y l  ^(^ ) 
T=t i  +  1 

Etotal{to,t2 )  =  Etotal{to,tl )  +  Etotal{ h +  ^2 ) 

y-wEtotaliUitf )  =  2 J '^wEtotal{T ) 

This means that the error at each time point in the time frame can be calculated and 

thes e value s s u m m e d t o yiel d th e tota l  gradient .  A t  th e en d o f  th e tim e frame ,  th e ijt h 

weigh t  shoul d b e adjuste d b y 

dwhi j 

But 

d dE{t )  _ 

dwhi j  dwhi j fcgN 
= 1 ^  ^ Z — « H < ) 

ke N dwhi j 

T h u s ,  comput in g th e change s t o b e m a d e t o th e weight s boil s d o w n t o calculatin g • ^ ^ ^ 

dykit + 1) 

d w 

an d the n 

dwhi j 
^  M(^k{t) )  =  M^kit))^'"'^^ ^ 
hi j 

l/'2hhyiit)yj{t )  +  wksry r 

dwhi j 

dy,{t) 

(1 ) 

dwhi i 

wher e 8  \ s \  whe n k  =  h  an d otherwis e 0 .  A t  thi s poin t  w e hav e a n iterativ e solutio n t o 

th e gradien t  tha t  allow s computatio n o f  futur e g^* -  i f  w e assum e tha t  th e initia l  partial s 

axe zero .  A t  eac h tim e ste p thi s matri x o f  partial s mus t  b e update d accordin g t o 
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•Ode t o Jov ' 
I . 1 2 7 

'  J  J  J  l i i  J  J  I J J  J  'II J  i i  i ^ 

I 

'Frer e Jacques ' 

m 
^ m 

J i j j j i 

^ 
i U l i  l i  J i 

Figur e 1 :  Th e tw o melodie s use d i n th e experimen t  ar e sHghtl y edite d famiha r  tunes .  Not e 

tha t  measure s 1  an d 5  o f  'Od e t o Joy '  ax e simila r  t o measure s 3  an d 4  o f  'Frer e Jacques ' 

equatio n 1 .  Becaus e th e computatio n o f  th e partial s necessar y fo r  th e learnin g algorith m 

scale s a s n"* ,  i n actua l  implementation s i t  i s  importan t  t o severel y limi t  th e numbe r  o f 

sigma-p i  unit s used . 

I n th e simulation s reporte d her e weigh t  update s wer e carrie d ou t  a t  eac h tim e step . 

Outpu t  activation s fo r  supervise d node s wer e se t  t o thei r  desire d value s afte r  eac h tim e 

ste p an d th e correspondin g element s o f  th e matri x o f  partial s wa s se t  t o zer o (cf . 

WilHam s k  Zipser ,  1988 ]  ) . 

MELODY RECOGNITION EXPERIMENT 

We applied this architecture and algorithm to a problem in auditory sequence 

recognition .  W e recorde d production s o f  tw o melodie s o n a n electroni c keyboar d an d 

traine d a  networ k t o recogniz e tw o measure s selecte d fro m th e melodies .  Th e measure s 

hav e th e sam e not e sequence ,  differin g onl y i n th e rhyth m o f  th e not e patterns .  Thi s tas k 

require s robustnes s acros s natura l  tempora l  variabilit y  du e t o huma n performanc e whil e 

stil l  restrictin g th e difficult y o f  frequenc y discriminatio n require d throug h us e o f  th e 

keyboard . 

Stimuli 

One of the experimenters produced 2 repetitions of the two familiar 8-measure 

melodie s (slightl y edited )  show n i n Figur e 1 .  Th e melodie s wer e playe d i n th e ke y o f  C , 

usin g a  6-not e scal e fro m C 4 (26 1 Hz )  t o A 4 (44 0 Hz )  a t  a  temp o o f  13 2 beats/minut e o n 

a Casi o Mode l  C-14 0 keyboard .  Th e temp o o f  performanc e wa s stabilize d b y us e o f  a 

visua l  metronom e an d th e performanc e wa s don e i n a  staccat o styl e t o minimiz e not e 

overlap .  Statistica l  measure s o n th e production s showe d tha t  th e mea n duratio n o f  eac h 

measur e wa s 45 2 m s (SD=1 1 ms) .  Ther e wa s a  tota l  o f  1 0 differen t  measur e types .  Th e 

trainin g corpu s wa s restricte d t o al l  o f  th e measure s fro m 2  o f  th e repetitions ;  targe t 

measure s i n th e 3  differen t  repetition s o f  th e melodie s wer e use d a s testin g data .  Base d 

on th e duratio n o f  th e shortes t  measure ,  a  102 4 poin t  fast-Fourie r  transfor m (FFT )  wa s 

performe d wit h H a m m i n g windo w spacin g tha t  provide s 8  equall y space d F F T frame s fo r 

th e shortes t  measur e (tha t  is ,  approximatel y on e pe r  l/8t h note) .  Th e window s wer e 6 4 

ms wid e wit h thei r  center s fixe d 4 8 m s apart .  Figur e 4  show s 8  successiv e F F T frame s fo r 
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0 : 3 : ^  C O : 

pradictio n ^ \ / c a t e g o r y 

activatio n 
stat e nodaa^x-—^v ^  product s 

inpu t  strea m 

Figur e 2 :  Th e architectur e o f  th e networ k employed . 

two sajnple measures. Six frequency bins were centered approximately over each note in 

th e 6-not e scal e tha t  w e employed .  Th e highes t  4 0 d B o f  dynami c rang e wa s retaine d fo r 

eac h bin ;  al l  value s mor e tha n 4 0 d B dow n wer e replace d wit h 0 .  Th e d B value s wer e 

the n mappe d linearl y ont o th e rang e [0,1 ]  whic h serve d a s inpu t  t o th e network . 

Procedure 

For our experiments, the first mea.sure of tune 'Ode to Joy' and the third measure of 

'Frer e Jacques '  wer e selecte d a s target s A  cm d B  respectively .  Thi s provide s a  challengin g 

tempora l  discriminatio n tas k fo r  th e networ k i n contras t  t o th e easie r  tas k o f 

differentiatin g eac h targe t  fro m th e othe r  measures .  Th e networ k wa s presente d wit h a 

continuou s rajido m sequenc e o f  measures .  A s ca n b e see n i n Figur e 4 ,  th e production s 

exhibite d m a n y variation s tha t  reduce d th e qualit y o f  th e inputs .  I n orde r  t o b e abl e t o 

tes t  o n differen t  production s o f  th e targe t  measur e tha n wer e employe d i n th e training , 

onl y hal f  o f  th e 1 0 instance s o f  th e targe t  measur e wer e used .  Th e othe r  5  wer e employe d 

onl y i n th e testin g phase . 

Th e networ k wa s a s show n i n Figur e 2  wit h 6  inpu t  nodes ,  5  hidde n nodes ,  5  outpu t 

node s ( 2 o f  whic h wer e traine d t o th e categor y labels ,  an d 3  traine d t o predic t  th e 

subsequen t  input )  an d 4  stat e node s tha t  receive d connection s fro m th e predictio n an d 

categor y nodes .  Connection s t o node s o n th e hidde n laye r  paire d th e inpu t  an d stat e 

nod e cliques .  Thes e sigma-p i  node s weighte d th e produc t  o f  th e activatio n pair s a s input . 

Al l  weight s wer e learne d usin g real-tim e bac k propagation .  Th e targe t  functio n fo r  th e 

categor y nod e wa s a  monotoni c ram p fro m 0  t o 1  durin g th e presentatio n o f  th e targe t 

measure .  Th e predictio n nod e target s ros e t o 1  an d fel l  t o 0. 1 a t  appropriat e time s 

durin g eac h targe t  measure . 

Results 

After training, the network was able to correctly identify occurrences of the target 

syllable s i n th e inpu t  stream .  Percen t  correc t  identificatio n b y itself ,  however ,  i s  no t  a 

suitabl e statisti c fo r  performanc e sinc e bot h misse d target s an d 'fals e alarms '  ax e possibl e 
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-J U I  J  M. I  J  i g i j  J  J  j  1 - ^ ^ 

Figur e 3 :  Th e outpu t  activatio n o f  th e categor y nod e traine d t o recogniz e measur e 1  durin g 

presentatio n o f  measure s 1- 4 o f  'Od e t o Joy' .  Th e activatio n begin s t o clim b ever y tim e 

an E  (th e first  not e i n th e targe t  measure )  occur s i n th e input ,  bu t  i t  quickl y fall s  fo r  fals e 

positives . 

errors. Reducing the frequency of targets missed invariably increases the number of false 

alarms .  Th e statisti c d '  fro m signa l  detectio n theor y i s designe d t o provid e a  performanc e 

scor e tha t  i s independen t  o f  respons e criterio n an d whic h i s thu s a  robus t  discriminabilit y 

measur e [Swets ,  1961] .  Th e unit s o f  d '  represen t  z-score s alon g a  hypothetica l 

discriminan t  continuum .  Thu s a .  d '  oi 2 mean s tha t  th e mea n value s o f  th e likelihoo d o f 

'targe t  present '  an d 'targe t  no t  present '  ar e 2  standar d deviation s apart . 

We appl y d '  her e t o evaluat e tw o propertie s o f  performance :  first,  th e abilit y  o f  th e 

networ k t o differentiat e eac h targe t  measur e fro m th e measure s i n th e dat a tha t  d o no t 

includ e eithe r  target ,  and ,  second ,  t o differentiat e th e tw o target s fro m eac h other .  Th e 

secon d tas k shoul d b e mor e difficult .  Figur e 3  show s th e outpu t  o f  th e categor y nod e fo r 

Targe t  A  durin g presentatio n o f  4  measure s o f  th e first  tune .  A  threshol d activatio n leve l 

was define d o n th e activit y o f  th e categor y node s an d eac h measiur e fro m a  sampl e wa s 

classifie d a s eithe r  a  hi t  (correc t  labellin g o f  th e pattern) ,  a  fals e alar m (wher e th e 

activatio n exceede d th e threshhol d durin g th e measur e bu t  ther e wa s n o target) ,  a  mis s 

(targe t  occurre d bu t  respons e wa s belo w threshhold )  o r  a  correc t  rejectio n (n o target ,  n o 

response) . 

W h en th e tes t  token s o f  Targe t  A  wer e differentiate d fro m nontarge t  measure s 

( n =  11 6 measures) ,  d '  =  2.03 .  Thi s valu e means ,  fo r  example ,  that ,  i f  th e rati o o f  misse s 

t o fals e alarm s i s 1 ,  ther e wil l  b e abou t  8 5 % correc t  identificatio n o f  th e targe t  agains t 

abou t  1 5 % fals e alarms .  Fo r  tes t  token s o f  Targe t  B  versu s al l  nontargets ,  d '  wa s 

somewhat  better ,  2.7 5 (wit h n  =  96) .  Thi s impHe s abou t  9 1 % correc t  identificatio n an d 

9 1 % correc t  rejection . 

The mos t  difficul t  discrimination ,  however ,  i s  betwee n th e tw o simila r  measures . 

Target s A  an d B .  A s mentione d above ,  th e syste m wa s traine d o n a  se t  o f  1 0 token s o f 

eac h measure .  W h e n i t  i s  teste d o n tw o ne w set s o f  tokens ,  d '  =  1.6 4 ( n =  87),illustratin g 

poore r  discriminabilit y  fo r  th e tw o simila r  targe t  measures .  Thi s implie s abou t  8 0 % 

correc t  wit h 2 0 % fals e alarms .  B y testin g th e abiht y o f  th e networ k t o identif y th e sam e 
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jo a ZD ms 

Figiir e 4 :  Th e F F T sequenc e fo r  on e toke n o f  eac h o f  th e tw o target s fo r  Experimen t  2 . 

Frequenc y increase s fro m lef t  t o right ,  an d time-orderin g fro m botto m t o top .  Th e left -

han d pane l  i s  measur e 1  o f  'Od e t o Joy '  whil e th e right-han d pane l  i s measur e 3  o f  'Frer e 

Jacques' . 

tokens it was trained on, we can evaluate the robustness of the system to the kinds of 

nature d nois e tha t  existe d i n th e data .  Her e d '  =  1.8 4 ( n =  69) ,  no t  to o muc h bette r  tha n 

on th e nove l  tokens .  Thi s suggest s tha t  ou r  syste m di d no t  greatl y overlear n th e trainin g 

dat a an d wa s abl e t o generaliz e effectively . 

CONCLUSIONS 

This network is able to recognize real auditory patterns that were produced with 

characteristi c h u m a n inaccuracy .  Th e syste m 'listens '  continuously ,  withou t  a n a  prior i 

inpu t  windo w othe r  tha n th e m i n i m u m tim e fram e fo r  th e spectra l  analysis .  Thi s inpu t 

sampUng rat e wa s als o th e rat e o f  intemod e communicatio n withi n th e networ k itself , 

bu t  thi s 'clock '  doe s no t  contro l  th e poin t  o f  rese t  o f  th e network .  Instead ,  w e allowe d 

periodicit y i n th e inpu t  patter n t o entrai n th e outpu t  behavio r  o f  th e network .  The n th e 

target s themselve s contro l  th e resettin g function . 

Thes e perceptio n experiment s usin g acousti c inpu t  demonstrat e tha t  i t  i s  possibl e t o 

us e sparsel y connecte d recurren t  network s t o continuousl y monito r  input s fo r  particula r 

patterns .  Thi s wa s achieve d b y us e o f  a  trainin g techniqu e tha t  emphasize d predictio n o f 

th e nex t  inpu t  signa l  an d sigma-p i  node s t o suppor t  rapi d rese t  whe n a  partia l  patter n i s 

violated .  Thi s distribute s contro l  o f  th e syste m towar d th e lowes t  levels—nea r  th e 

input—rathe r  tha n havin g i t  externall y specifie d b y th e desig n o f  th e system .  Apparentl y 

thi s syste m i s robus t  enoug h t o handl e considerabl e natura l  variatio n i n inputs .  Thi s i s a 

ste p towar d a  continuousl y functionin g dynamicall y controlle d perceptua l  syste m fo r 

auditor y inputs . 
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