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Abstrac t 

Newel l  (1990 )  argue d tha t  th e tim e i s rip e fo r  unifie d 

theorie s o f  cognitio n tha t  encompas s th e ful l  scop e o f 
cognitiv e phenomena .  Newel l  an d hi s colleague s 

(NeweU,  1990 ;  Laird ,  Newe U &  Rosenbloom ,  1987 ) 

hav e propose d Soa r  a s a  candidat e theory .  W e ar e 
explorin g th e applicatio n o f  Soa r  t o th e domai n o f 
musi c cognition .  MusicSoa r  i s a  theor y o f  th e cognitiv e 

processe s i n musi c perception .  A n importan t  featur e o f 
MusicSoa r  i s tha t  i t  attempt s t o satisf y th e real-tim e 
constraint s o f  musi c perceptio n withi n th e Soa r 

framework .  I f  MusicSoa r  i s a  plausibl e mode l  o f  musi c 
cognition ,  the n i t  indicate s tha t  muc h o f  a  listener' s 
abilit y  i s  base d o n a  kin d o f  memory-base d reasonin g 
involvin g patter n recognitio n an d fas t  retrieva l  o f  infor -

matio n from  memory :  Soar' s problem-solvin g method s 

of  creatin g subgoal s ar e to o slo w fo r  routin e percep -

tion ,  bu t  the y ar e involve d i n creatin g th e knowledg e i n 
long-ter m m e m o r y tha t  the n ca n mee t  th e processin g 
demands o f  musi c i n rea l  time . 

The Soar Architecture 

Thi s sectio n i s a  brie f  introductio n t o Soa r  (Versio n 5 ) 

an d i s t o a  grea t  exten t  base d o n Newel l  (1990) .  Soa r  i s 
a goal-directe d problem-solvin g cognitiv e architectur e 
tha t  i s  buil t  o n a  paralle l  productio n system .  Soa r  dis -
play s man y o f  th e characteristic s o f  huma n cognition , 

an d th e tempora l  characteristic s o f  Soar' s cognitiv e 
behavio r  ar e consisten t  wit h m u c h o f  wha t  i s know n 

abou t  hum£ m cognition . 

Goals 

A centra l  premis e o f  th e Soa r  theor y i s tha t  cognitio n i s 
base d o n goal-directe d proble m solving .  Soar' s prob -

le m solvin g occur s withi n a  contex t  tha t  ha s fou r 

predefine d ottnbure ^  o r  slots :  agoal ,  ̂ proble m space ,  a 

state ,  an d a n operator .  Goeil-directe d cognitio n begin s 
wit h th e selectio n o f  a  goa l  followe d b y selectio n o f  a 
proble m spac e whic h delimit s th e set s o f  state s an d o f 

operator s tha t  wil l  b e considered .  Next ,  a  stat e i s 

selecte d t o represen t  th e curren t  stat e o f  th e problem . 

Finally ,  a n operato r  i s selecte d t o chang e th e curren t 

stat e t o reac h th e goa l  state .  Th e Soa r  architectur e ca n 
selec t  a  valu e fo r  on e o f  thes e contex t  slot s o n eac h 
decisio n cycle . 

Decision s abou t  contex t  slo t  value s occu r  automat -

icall y withi n th e Soa r  architectur e i f  availabl e 

knowledg e i s sufficien t  t o guid e th e decision .  Other -

wise ,  a n impass e occur s an d th e Soa r  architectur e 
create s a  subgoa l  whic h i s a  ne w contex t  m t h th e goa l 

of  resolvin g th e impasse .  Thi s subgoa l  contex t  the n 

require s selectio n o f  a  proble m space ,  a  stat e an d on e 

or  mor e operator s i n orde r  t o resolv e th e impasse . 
Furthe r  impasse s ma y occu r  withi n thi s subgoal ,  lead -

in g i n tur n t o additiona l  subgoals . 

Th e initia l  top-leve l  contex t  i s  uniqu e an d i s general -
l y initialize d wit h a  predefine d goal ,  proble m spac e an d 

state .  Onc e th e to p contex t  i s  initialized ,  a n operato r  i s 

selecte d t o perfor m som e task .  Typically ,  Soa r  canno t 

implemen t  thi s operato r  directl y whic h cause s a n im -

passe ,  leadin g t o th e creatio n o f  a  subgoal ,  a s describe d 
above ,  t o implemen t  th e desire d operation . 

Long term and working memories 

Lon g ter m memor y consist s o f  production s tha t  contai n 

condition s an d actions .  I f  al l  o f  th e condition s o f  a 
productio n matc h workin g memor y elements ,  the n th e 
action s o f  tha t  productio n fire ,  addin g ne w informatio n 
t o workin g memory .  Soa r  differ s fro m conventiona l 
productio n languages ,  suc h a s OPS5 ,  i n man y impor -

tan t  respects .  Fo r  example ,  ther e i s n o conflic t  resolu -

tion ;  al l  production s tha t  matc h fir e m parallel ,  addin g 
ne w an d possibl y conflictin g informatio n t o workin g 
memory simultaneously .  Thes e addition s t o workin g 
memory ma y mak e i t  possibl e fo r  ne w production s t o 

fire.  Thi s proces s i s calle d th e elaboratio n phas e o f  th e 
decisio n cycle ,  an d i t  continue s unti l  quiescence ,  whe n 
no ne w production s ar e triggere d b y informatio n i n 
workin g memory .  Th e elaboratio n phas e allow s Soa r 

acces s t o al l  available ,  relevan t  knowledg e fo r  it s 
decisio n making .  A t  quiescence .  Soa r  trie s t o selec t  a 
valu e fo r  a  contex t  slot .  Th e elaboratio n phas e followe d 
by selectio n o f  a  context-slo t  valu e i s th e decisio n cycle . 

Workin g memor y hold s al l  th e informatio n abou t 

currentl y selecte d vaJue s fo r  contex t  slots .  I n addition , 

as long-ter m memor y production s fire,  the y ad d t o 
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workin g m e m o r y n e w informatio n consistin g o f 

propose d value s fo r  contex t  slots ,  preference s fo r  pre -

viousl y propose d values ,  an d augmentation s o f  infor -

matio n alread y i n workin g memory .  Al l  informatio n i n 
workin g memor y i s store d i n a  networ k tha t  i s  linke d t o 

contex t  slo t  values .  I f  th e valu e o f  a  contex t  slo t  changes , 
the n al l  informatio n linke d t o th e ol d slo t  valu e i s 

discarded .  Fo r  example ,  whe n a  subgoa l  resolve s th e 

impass e tha t  create d it ,  th e subgoa l  contex t  i s  delete d 

fro m workin g memor y alon g wit h al l  informatio n linke d 
t o tha t  subgoal .  Henc e workin g memor y i s highl y 

dynamic ,  allowin g element s t o disappea r  whe n n o 

longe r  needed . 

Al l  I/ O i s mediate d b y th e to p contex t  state .  Tha t  is , 
i n th e Soa r  theory ,  perceptua l  inpu t  abou t  th e curren t 

stat e o f  th e environmen t  enter s th e to p contex t  stat e 
and thi s informatio n ca n the n b e use d b y Soa r  i n it s 
decisio n making .  Also ,  moto r  system s ca n acces s outpu t 

commands tha t  ar e place d i n thi s to p state . 

Chunking 

Al l  learnin g i n Soa r  occur s throug h chunking .  W h e n 
Soar  find s a  solutio n t o a n impasse ,  i t  create s a  chunk , 
whic h i s a  ne w productio n tha t  represent s th e solutio n 

t o th e impasse .  Th e left-han d sid e o f  th e ne w produc -
tio n contain s th e informatio n i n workin g memor y tha t 
was availabl e whe n th e proble m aros e an d tha t  wa s use d 
i n fmdin g th e solutio n t o th e problem .  Th e action s o f 
th e ne w productio n ar e th e result s o f  th e proble m 
solving .  Thi s productio n i s adde d t o long-ter m memory , 
and whe n Soa r  finds  itsel f  i n a  simila r  situatio n i n th e 

future ,  thi s productio n wil l  fire  an d resolv e th e prob -
lem ,  thu s eliminatin g th e nee d t o solv e th e proble m 
again . 

Mapping Soar to Human Cognition 

Newel l  (1990 )  argue s tha t  th e min imu m functione d 
neura l  circui t  i n th e hiuna n brai n take s abou t  1 0 m s t o 
operate .  Suc h a  neura l  circui t  ca n perfor m a  functio n 
suc h a s th e memor y acces s require d t o matc h th e left -
han d sid e o f  a  productio n i n long-ter m memor y t o 
condition s i n workin g memory .  Thi s matchin g an d 
firin g o f  production s occur s i n paralle l  i n th e elabora -
tio n phas e o f  th e decisio n cycle .  Th e entir e elaboratio n 
phas e alon g wit h th e subsequen t  decisio n phas e take s 
plac e automaticall y i n abou t  10 0 ms .  Th e implementa -

tio n o f  a n operato r  wil l  usuall y nee d a  sequenc e o f  thes e 
decisio n cycle s suc h tha t  eve n th e simples t  cognitiv e 
task s wil l  requir e time s o n th e orde r  o f  abou t  a  sec . 

MusicSoar 

As note d above ,  cognitio n i s base d o n goal-directe d 
proble m solvin g i n th e Soa r  theory .  T o appl y Soa r  t o 
musi c cognition ,  w e mus t  vie w listenin g t o musi c a s a 
for m o f  proble m solving .  Wha t  proble m confront s a 

perso n listenin g t o music ? I t  seem s Ukel y tha t  an y intel -

ligen t  syste m shoul d attemp t  t o anticipat e futur e events . 

I n MusicSoar ,  w e assume ,  followin g Narmou r  (1991) , 

tha t  th e proble m i n Ustenin g t o musi c i s t o anticipat e 
what  i s  t o come ,  base d o n musi c tha t  ha s alread y bee n 
heard .  A  Ustener' s knowledg e o f  a  specifi c  piec e an d it s 
style ,  alon g wit h genera l  musica l  knowledge ,  provid e a 

basi s fo r  expectation s o f  wha t  i s t o come .  I f  thes e expec -

tation s ar e accurat e an d matc h newl y hear d events ,  the y 

become th e basi s fo r  generatin g mor e expectations .  O n 
th e othe r  hand ,  expectation s m a y no t  matc h wha t  i s 

heard .  I n ou r  approach ,  thi s generate s a  subgoa l  t o 
lear n ne w expectation s s o that ,  i f  th e sam e o r  simila r 
musi c i s hear d again ,  th e Ustene r  wil l  b e bette r  abl e t o 

anticipat e th e event s tha t  occur . 

Listening to Music in MusicSoar 

I n MusicSoar ,  a s musica l  event s occur ,  the y ente r  th e 
to p state .  Musica l  "proble m solving "  begin s i n thi s to p 
contex t  wit h th e selectio n o f  a  listen-to-musi c operator . 

Thi s immediatel y lead s t o a  subgoa l  o f  implementin g 
thi s operator ,  and ,  withi n thi s subgoal ,  MusicSoa r 
create s a  ne w stat e calle d music-working-memory .  I t  i s 
withi n thi s subgoa l  tha t  MusicSoa r  listen s t o th e musi c 
inpu t  an d anticipate s wha t  wil l  follow .  Thus ,  MusicSoa r 
has tw o primar y states .  Th e to p stat e function s a s a 
passiv e preattentiv e sensor y inpu t  buffe r  lik e a n "echoi c 
memory,' '  whil e th e music-working-memor y represent s 

characteristic s o f  th e inpu t  tha t  hav e bee n attende d a s 
wel l  a s expectation s o f  wha t  i s  t o come . 

Top State Input 

Inpu t  note s appea r  i n th e to p stat e stat e an d disappea r 
afte r  som e lengt h o f  time .  W e assum e tha t  th e repre -
sentatio n o f  musica l  inpu t  i n thi s to p stat e i s no t  i n term s 
of  waveforms ,  bu t  rathe r  i s a  representatio n o f  th e 
outpu t  o f  earUe r  auditor y perceptua l  preprocessin g 
stages .  Thus ,  i n MusicSoeir ,  eac h not e i n th e to p stat e i s 
represente d b y it s pitc h an d duration ,  a s w e U a s infor -
matio n abou t  it s  tempora l  offse t  fro m th e prio r  event . 
Inpu t  t o th e to p stat e i s handle d b y a  Lis p functio n tha t 
read s a  file  containin g symboli c representation s o f 
musica l  events .  Th e inpu t  functio n create s a n even t 
attribut e o r  augmentatio n Unke d t o th e to p stat e fo r 
eac h ne w musica l  event .  Th e valu e o f  a n even t  augmen -
tatio n i s informatio n abou t  th e event' s tempora l  offse t 
fro m th e previou s even t  a s wel l  a s informatio n abou t  th e 
pitc h an d duratio n o f  eac h not e i n th e event .  Currently , 
MusicSoa r  deal s onl y wit h musi c containin g a  singl e 
voice ,  suc h a s th e melod y o f  a  fol k son g withou t  accom -
paniment . 

Music-Working-Memory 

Once a n intentio n o f  listenin g t o musi c ha s bee n 
selecte d i n th e to p contex t  (a s represente d b y th e choic e 
of  th e "listen-to-music "  operator) ,  MusicSoa r  create s a 
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listen-to-musi c subgoal .  Thi s subgoa l  the n persist s 

throughou t  th e piec e o f  music .  Th e proble m spac e i n 

thi s subgoa l  represent s MusicSoar' s knowledg e o f 

music .  Th e stat e associate d wit h thi s firs t  subgoa l  i s 

calle d music-working-memor y an d contain s informa -

tio n abou t  top-stat e musica l  event s tha t  hav e bee n at -
tende d an d processed .  Th e initia l  representatio n o f 
top-stat e event s i n music-working-memor y encode s 
onl y som e o f  th e simpl e relationa l  propertie s suc h a s 

whethe r  th e mos t  recen t  not e i s higher ,  lowe r  o r  th e 

same i n pitc h a s th e previou s note ,  a s wel l  a s whethe r 

th e offse t  o f  th e newes t  even t  i s  th e sam e o r  longe r  o r 

shorte r  tha n th e previou s offset .  Mo r e comple x encod -
ing s withi n music-working-memory ,  suc h a s informa -

tio n abou t  specifi c  pitc h intervals ,  depen d upo n addi -

tiona l  processing .  I t  i s  als o withi n music-working -

memory tha t  anticipation s arise .  Ther e ar e onl y tw o 
operator s tha t  ca n b e selecte d withi n thi s listen-to -

musi c subgoa l  context :  attend ,  an d leam-ejqjectation .  I f 
a ne w even t  occur s i n th e to p stat e an d n o operato r  ha s 
bee n selected ,  the n th e atten d operato r  i s proposed . 

O n ce th e atten d operato r  i s  selected ,  i t  i s  implemente d 

by production s tha t  cop y par t  o r  al l  o f  th e musicji l  even t 
informatio n fro m th e to p stat e int o th e music-working -

memory.  T h e production s tha t  implemen t  th e atten d 

operato r  ca n operat e withou t  additiona l  subgoal s i n a 
singl e decisio n cycle .  Additiona l  production s compar e 
th e attende d even t  t o expectation s and ,  i f  i t  matches , 
th e n e w even t  i s adde d t o a  linke d lis t  o f  previousl y 

hear d event s i n music-working-memory .  Becaus e th e 

atten d operato r  i s  implemente d b y production s tha t  fir e 
withou t  requirin g decision s abou t  contex t  slots ,  th e 
atten d operato r  require s a  singl e decisio n cycl e o f 
abou t  10 0 ms .  Thus ,  whe n musi c conform s t o expecta -
tions ,  th e atten d operato r  ca n follo w alon g a t  abou t  1 0 
event s pe r  second .  O n th e othe r  hand ,  th e learn-expec -

tatio n operato r  i s propose d wheneve r  a n attende d 

even t  doe s no t  matc h expectations .  Thi s operato r  lead s 
t o a  subgoa l  t o lear n ne w expectation s tha t  matc h wha t 
actuall y happ>ened . 

Expectations 

Musica l  expectation s i n MusicSoa r  ar e store d m it s 
long-ter m productio n memory .  Th e left-han d side s o f 

thes e production s specif y particula r  pattern s o f  event s 
i n music-working-memory ,  whil e th e right-han d side s 
represen t  expectation s o f  wha t  shoul d follo w th e occur -

renc e o f  thes e patterns .  I f  th e left-han d sid e o f  a 
productio n matche s th e previousl y hear d event s i n 

music-working-memory ,  th e productio n fires  an d add s 
it s expectatio n t o workin g memory .  Generatin g expec -
tation s i n thi s wa y involve s n o decisio n makin g an d thu s 

ca n occu r  quickly .  Newel l  (1990 )  ha s argue d tha t 
retrievin g informatio n fro m memor y (e.g. ,  matchin g th e 

condition s o f  a  productio n t o workm g memor y ele -

ments )  require s abou t  1 0 ms .  Initially ,  MusicSoa r  ha s 

onl y a  fe w defaul t  expectations ,  suc h a s t o expec t  tha t 

th e nex t  even t  wil l  hav e th e sam e properties ,  e.g .  pitch , 

and offset ,  a s th e previou s event .  A s MusicSoa r  ex -

perience s differen t  musica l  patterns ,  i t  learn s ne w 

production s tha t  ar e adde d t o long-ter m productio n 

memory. 

Learning 

Subgoal s i n Soa r  aris e whe n i t  i s  unclea r  wha t  t o d o next , 

and the y resul t  i n decision s abou t  wha t  t o do .  U p o n 

resolvin g a  subgoal .  Soa r  ca n lear n ne w production s o r 

chunk s tha t  stor e informatio n abou t  h o w th e proble m 

was resolved .  Th e nex t  tim e tha t  proble m arises ,  th e 
resolutio n o f  th e proble m ca n b e retrieve d fro m long -
ter m productio n memor y withou t  requirin g proble m 

solvin g again .  Thus ,  afte r  experienc e wit h a  particula r 
problem .  Soa r  ca n subsequentl y solv e th e proble m 

usin g a  for m o f  memory-base d reasonin g i n whic h th e 

ol d solutio n i s retrieve d fro m memor y rathe r  tha n solv -
in g th e proble m agai n fro m scratch .  MusicSoar' s expec -
tation s aris e fro m learnin g i n th e leeu'n-expectatio n 
subgoal . 

Th e wa y i n whic h th e learn-expectatio n subgoa l  i s 

instantiate d depend s upo n th e typ e o f  expectatio n mis -

matc h tha t  occurre d an d th e subgoa l  proble m spac e 
tha t  i s  selected ,  e.g. ,  metric ,  rhythmic ,  melodic ,  etc .  Fo r 

example ,  i f  a  ne w even t  occur s a t  a  tim e tha t  i s  incon -

sisten t  wit h metri c expectations ,  thi s require s 
reinterpretin g th e mete r  o f  th e music ;  however ,  a n 

unexpecte d even t  tha t  occur s a t  a  tim e tha t  i s  consisten t 

wit h metri c expectation s require s learnin g a  rhythmi c 

expectation .  Proble m solvin g withi n th e learn-expecta -
tio n subgoa l  ca n occu r  i n severa l  ways .  Fo r  example ,  i f 
a not e occur s late r  tha n expected ,  MusicSoa r  ca n tr y 

look-ahea d searc h t o se e i f  th e expecte d not e appear s 

t o lead ,  i n term s o f  offset ,  duratio n an d pitch ,  t o th e ne w 

note .  I n thi s case ,  th e expecte d not e ma y bridg e th e ga p 

fro m th e previou s event s t o th e even t  jus t  heard .  Alter -

natively ,  additiona l  musica l  analysi s ma y revea l  ne w 

feature s o f  th e musi c tha t  ha s bee n heard ,  allowin g 
othe r  production s i n long-ter m memor y t o fire,  an d 

thes e production s ma y propos e th e correc t  expecta -
tion .  Fo r  example ,  MusicSoa r  migh t  loo k bac k a t  pre -

viousl y hear d event s i n workin g memor y t o se e i f  som e 

paralle l  sequenc e o f  event s ha s occurred .  Finally ,  th e 
learn-expectatio n subgoa l  migh t  us e dat a chunkin g 

(Rosenbloom ,  Lair d &  Newell ,  1987 )  t o lear n t o expec t 

th e ne w even t  base d o n th e immediatel y precedin g 

events .  I n dat a chunking ,  som e o f  th e previousl y hear d 

event s ar e learne d a s a  cu e tha t  will ,  i n th e future , 

trigge r  recal l  o f  th e newl y hear d even t  i n a  sor t  o f  paire d 

associat e learning .  Tha t  is ,  som e o f  th e previou s event s 

i n music-working-memor y becom e th e patter n fo r  th e 
left -  han d sid e o f  a  ne w productio n tha t  wil l  trigge r  a 

n e w expectation .  Thi s let s MusicSoa r  memoriz e 
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specifi c  songs .  Althoug h MusicSoa r  ca n lear n exp)ecta -

tion s correspondin g t o sp>ecifi c  pieces ,  thi s  i s no t  suffi -

cient .  Peopl e no t  onl y acquir e specifi c  knowledg e abou t 
particula r  piece s o f  music ,  bu t  the y als o acquir e mor e 
genera l  schemati c knowledg e tha t  guide s expectation! ^ 

when listenin g t o ne w piece s o f  musi c (Narmour ,  1991) . 

For  example ,  experienc e wit h Wester n tona l  musi c 

lead s peopl e t o expec t  particula r  melodic ,  harmoni c 

and rhythmi c progressions .  Thus ,  a  genera l  proble m fo r 

MusicSoa r  i s t o induc e schemati c musica l  knowledg e 
and expectation s fro m experienc e wit h specifi c  pieces . 

Th e representatio n o f  musica l  inpu t  ha s importan t 
effect s o n learning .  Peopl e generall y perceiv e event s 

(visual ,  auditory ,  tactile ,  etc. )  i n term s o f  th e relationa l 

propertie s o f  th e event ;  e.g. ,  the y perceiv e relativ e 

liuninanc e difference s i n visio n rathe r  tha n absolut e 

luminanc e levels .  I n music ,  th e salien t  perceptua l 
propertie s involv e relativ e pitc h an d tim e differences . 

T o reflec t  this ,  th e to p stat e representatio n o f  musica l 
event s i s encode d i n term s o f  th e pitc h an d duratio n o f 

eac h even t  relativ e t o previou s events .  Becaus e Music -
Soar  learn s expectation s i n term s o f  thes e relationa l 

properties ,  thi s learnin g wil l  generaliz e t o situation s 
tha t  preserv e thes e relations .  Thus ,  i f  MusicSoa r  learn s 
t o expec t  th e nex t  not e i n a n arpeggio ,  thi s learnin g wil l 

appl y t o an y arpeggi o i n th e sam e m o d e (e.g .  majo r  o r 

minor )  regardles s o f  th e key .  Thus ,  learnin g base d o n 
suc h relationa l  informatio n wil l  generaliz e directl y t o 
transposition s i n pitc h an d time .  However ,  on e issu e 
tha t  w e hav e no t  ye t  resolve d i n th e dat a chunkin g 
mechanis m describe d abov e i s ho w m u c h informatio n 

abou t  previou s event s shoul d b e include d i n th e left -

han d sid e o f  ne w productions .  Makin g th e left-han d 
sid e to o specifi c  wil l  preven t  th e ne w production s fro m 
generalizin g t o an y othe r  situation . 

As jus t  indicated ,  MusicSoar' s abilit y  t o generaliz e 
i s influence d b y th e representatio n o f  th e musi c m 
music-working-memory .  A  ke y questio n fo r  an y induc -

tiv e learnin g i s wha t  knowledg e an d learnin g biase s 

exis t  befor e th e learnin g actuedl y begin s (Dieterich , 
1990) .  Fo r  example ,  w e hav e assume d tha t  huma n lis -
tener s hav e som e understandin g o f  pitc h relation s 
withou t  an y training .  Tha t  is ,  i f  tw o sound s diffe r  i n 

frequency ,  listener s hea r  th e highe r  frequenc y a s highe r 
i n pitch .  M o r e comple x characterization s o f  pitch ,  suc h 

as octav e relation s an d perceptio n o f  consonanc e ma y 
be learne d earl y i n lif e base d o n auditor y stimul i  m 

genera l  (e.g .  Terhard t  1991) ,  an d thu s ma y b e availabl e 
almos t  fro m th e ver y firs t  musica l  experience .  S o m e 
primitiv e tempora l  knowledge ,  suc h a s th e abilit y  t o 

hear  difference s i n durations ,  als o seem s almos t  cer -
tainl y innat e o r  a t  leas t  acquire d a t  a  ver y earl y age . 

Thes e consideration s determin e th e desig n o f  Music -
Soar .  W e hav e assume d that ,  withou t  prio r  experience , 
MusicSoa r  ca n determin e th e contou r  o f  a  melody ,  i.e. . 

th e patter n o f  up s an d down s i n pitch .  However ,  w e 

assume tha t  mor e specifi c  knowledg e o f  pitc h relation s 

require s learnin g abou t  particula r  intervals .  Furthe r 

assumption s ar e tha t  MusicSoa r  ca n perceiv e equalit y 

of  tim e intervals ,  an d tim e ratio s o f  tw o t o on e an d thre e 

t o on e (correspondin g t o dupl e an d tripl e meter s i n 

music ,  respectively) . 

O ne interestin g proble m i s tha t  Soa r  ha s n o explici t 
forgettin g mechanism .  Tha t  is ,  onc e a  n e w productio n 

i s learned ,  i t  i s  neve r  forgotten .  However ,  late r  learnm g 
wil l  creat e production s tha t  m a y interfer e wit h olde r 
learning .  Tha t  is ,  Soj u ca n demonstrat e retroactiv e 

interferenc e wherei n a  ne w productio n m a y encod e a 

ne w an d differen t  expectatio n fo r  a  patter n tha t  i s 

simila r  t o th e left-han d sid e pattern s o f  alread y learne d 

productions .  W h e n tha t  patter n occurs ,  bot h produc -

tion s ma y fur e an d generat e differen t  expectations .  O n e 
genera l  proble m i n MusicSoa r  i s h o w t o handl e suc h 

expectatio n conflicts . 

Knowledge Search 

A listene r  ca n hav e bot h specifi c  an d schemati c 
knowledg e tha t  i s relevan t  t o a  particula r  listenin g ex -
perience .  Give n this ,  hearin g a  particuleu '  even t  se -
quenc e ma y trigge r  man y expectations ,  som e o f  whic h 
may conflict .  W e hav e considere d an d rejecte d tw o 

possibilitie s fo r  handlin g suc h conflicts .  First ,  w e migh t 
le t  al l  expectation s b e adde d i n pareille l  t o workin g 
memory withou t  differentiation .  However ,  thi s i s unac -
ceptable ,  becaus e i f  listener s k n o w a  particula r  song , 
the y hav e specifi c  expectation s abou t  wha t  shoul d c o m e 
next ,  an d the y generall y wil l  no t  wande r  of f  th e track , 
eve n thoug h fragment s an d aspect s o f  th e son g m a y 
hav e occurre d i n othe r  previousl y hear d piece s o f 
music .  Fo r  example ,  give n familiarit y wit h Beethoven' s 
Fift h Symphony ,  ther e i s n o ambiguit y abou t  wha t  fol -
low s "dit-dit-dit-dah. "  Thus ,  w e canno t  jus t  le t  al l  pos -
sibl e expectation s base d o n prio r  experienc e hav e equa l 
status .  A  secon d possibilit y  i s t o us e differen t  proble m 
space s fo r  differen t  piece s o f  music ,  e.g .  a  listen-to -
Mozart's-40t h an d a  Usten-to-Beethoven's-fift h prob -
le m space .  T h e learnin g tha t  occurre d withi n a  proble m 
spac e woul d b e availabl e onl y withi n tha t  proble m 
space .  Bu t  thi s als o canno t  b e th e righ t  solution ,  be -
caus e i t  i s  clea r  that ,  whil e listenin g t o Beethoven' s 
Fifth ,  w e d o no t  cu t  ourselve s of f  fro m al l  othe r  musica l 
knowledge .  Separat e proble m space s woul d als o 
preven t  generalization .  W h a t  wa s learne d fo r  on e piec e 
woul d b e availabl e onl y i n th e proble m spac e fo r  tha t 
piece .  Wit h radicall y differen t  type s o f  musi c lik e In -
dia n raga s an d Wester n tona l  music ,  th e expectation s 
an d thu s th e proble m space s ar e likel y quit e different , 
but ,  give n a  particula r  genr e o r  styl e o f  music ,  i t  seem s 
probabl e tha t  particula r  piece s o f  musi c withi n tha t 
styl e ar e hear d withi n a  proble m spac e tha t  i s c o m m o n 
t o tha t  style . 
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I f  a  listene r  want s t o follo w alon g wit h Beethoven' s 

Fifth ,  i t  mus t  b e possibl e t o selec t  quickl y th e ap -
propriat e specifi c  expectation s fro m a  muc h large r  se t 

of  expectation s d r a w n f ro m genera l  musica l 

knowledge .  W e ar e explorin g tw o way s t o limi t  choice s 

i n MusicSoar .  First ,  workin g memor y ca n contai n 

specifi c  element s tha t  ca n contro l  whic h expectation s 

ar e activated .  Thus ,  i f  music-working-memor y contain s 
th e informatio n tha t  w e ar e listenin g t o Beethoven' s 

Fifth ,  the n previousl y learne d production s fo r 

Beethoven' s Fift h ca n b e activated ,  bu t  not ,  say , 

production s specifi c  t o Mozart' s  40t h symphony ,  be -

caus e informatio n abou t  th e identit y o f  th e piec e woul d 

be include d i n th e left-han d sid e o f  th e expectatio n 
production s fo r  Beethoven' s Fifth .  Thi s i s simila r  t o th e 

ide a o f  settin g u p differen t  proble m space s fo r  differen t 

piece s bu t  i s les s restrictive .  A  secon d relate d approac h 

i s t o hav e productio n memor y contai n production s tha t 

expres s preference s fo r  particula r  expectations .  Tha t  is , 

when listenin g t o Beethoven' s Fifth ,  al l  production s 

tha t  matc h a  musica l  fragmen t  ma y fire,  resultin g i n a 
rich  floo d o f  expectations .  However ,  othe r  production s 

m ay als o fir e tha t  expres s preference s fo r  thos e expec -

tation s tha t  ar e linke d t o MusicSoar' s goals .  Thus ,  i f  th e 

goa l  i s  t o foUo w alon g wit h Beethoven' s Fifth ,  preferen -
ce s fo r  expectation s specifi c  t o Beethoven' s Fift h woul d 

b e activated ,  keepin g MusicSoar' s expectation s o n 
track . 

Temporal Constraints on Processing 

Newel l  ha s argue d tha t  i f  th e huma n brai n implement s 
a Soar-lik e architecture ,  a  decisio n t o selec t  a  valu e fo r 
a contex t  slo t  (i.e .  goal ,  proble m space ,  stat e o r 
operator )  mus t  tak e a  decisio n cycl e o f  approximatel y 
100 m s (Newell ,  1990) .  Musi c unfold s a t  rate s tha t  ar e 
not  controlle d b y th e listener ,  an d th e listene r  mus t 

cop e wit h event s a s the y occur .  Thus ,  w e ca n as k 
whethe r  MusicSoar ,  whe n limite d b y a  10 0 m s decisio n 

cycle ,  ca n mee t  th e real-tim e demand s tha t  ar e impose d 
by music .  Th e atten d operato r  i n MusicSoa r  ca n b e 

selecte d an d implemente d i n a  singl e decisio n cycle . 
Thi s mean s tha t  MusicSoa r  ca n atten d t o u p t o 1 0 event s 
per  secon d i f  th e atten d operato r  i s  selecte d repeatedl y 
an d withou t  interruption .  Howeve r ,  th e atten d 
operato r  fo r  th e nex t  inpu t  even t  wil l  b e selecte d onl y 

i f  th e curren t  expectation s matc h th e mos t  recentl y 
attende d event .  I f  th e generatio n an d selectio n o f  ex -

pectation s wer e t o als o requir e selectin g an d im -

plementin g operator s a t  a  rat e limite d b y a  10 0 m s 
decisio n cycle ,  MusicSoa r  woul d onl y b e abl e t o kee p 
u p wit h th e slowes t  music .  Thus ,  expectation s mus t 
generall y aris e base d o n recognitio n o f  pattern s i n 
music-working-memor y tha t  matc h th e left-hand-sid e 

of  exp>ectatio n generatin g production s alread y avail -

abl e i n long-ter m productio n memory .  A s note d above , 
Newel l  (1990 )  argue s tha t  i t  i s  plausibl e t o assum e a 

memory acces s tim e o f  abou t  1 0 m s fo r  productio n 

matching .  I n addition ,  preference s tha t  selec t  amon g 
variou s expectation s mus t  ac t  o n music-working -

memory directl y an d caimo t  requir e decision s abou t 

goals ,  proble m spaces ,  state s o r  operators .  The y to o ca n 

be implemente d a s quickl y a s the y ca n b e retrieve d 
fro m productio n memory . 

On th e othe r  hand ,  i f  expectation s d o no t  matc h th e 

music ,  MusicSoa r  enter s a  learn-expectatio n subgoa l 

whic h require s severa l  decisio n cycles .  Give n tha t 

MusicSoa r  ma y b e unabl e t o complet e thi s subgoa l 

processin g i n tim e t o atten d t o th e nex t  event ,  wha t 

happens ? O n e possibilit y  i s  tha t  th e nex t  inpu t  even t 

generate s a n interrupt ,  forcin g MusicSoa r  t o selec t  a 
n e w atten d operato r  ove r  an y currentl y selecte d 

operator .  Thi s woul d mea n tha t  MusicSoa r  woul d los e 

any curren t  "thinking "  abou t  th e las t  event .  Anothe r 

possibilit y  i s  tha t  MusicSoa r  migh t  continu e t o thin k o n 

th e basi s o f  th e previousl y attende d to p stat e events .  Bu t 

i f  thi s occurs ,  MusicSoa r  ma y fal l  behind ,  perhap s b y 

severa l  events ,  whic h ca n caus e MusicSoa r  t o mis s 

notes ,  an d lea d t o incomplet e processin g an d repre -
sentatio n o f  th e music .  The n whe n MusicSoa r  com -

plete s it s thinkin g an d i s read y t o atten d again ,  wha t 

shoul d i t  atten d to ? 
Th e tempora l  processin g constraint s i n MusicSoa r 

may als o sugges t  wh y on e ca n hea r  th e seun e piec e o f 

musi c man y time s an d contmu e t o hea r  ne w things .  A 

Ustene r  m a y no t  perceiv e al l  aspect s o f  a  comple x musi -

cal  event .  I n MusicSosu" ,  thi s mean s tha t  th e repre -

sentatio n o f  a n even t  i n th e to p stat e ma y b e com -

prehensive ,  bu t  th e atten d operato r  ma y encod e onl y 

some o f  th e to p stat e informatio n int o workin g memory . 
Th e subse t  o f  informatio n tha t  i s encode d wil l  the n 

determin e th e expectation s tha t  follow .  I f  a  differen t 

subse t  o f  informatio n i s encode d upo n late r  rehearing , 

the n a  differen t  se t  o f  expectation s wil l  arise .  Anothe r 
sourc e o f  variabilit y  i n MusicSoa r  ca n aris e i n th e learn -
in g process .  A  ne w even t  ma y simultaneousl y mismatc h 
expectation s i n severa l  ways ,  e.g .  metric ,  melodic ,  har -

monic ,  etc. ,  variou s musica l  characteristic s whic h ar e 

perceive d somewha t  mdependentl y (Pahne r  &  Krum -

hansl ,  1987) .  MusicSoa r  break s th e proble m dow n an d 

trie s t o lear n expectation s fo r  thes e characteristics , 

eac h o f  whic h i s handle d withi n a  differen t  subgoa l 

proble m space .  Becaus e eac h subgoa l  usuall y require s 
severa l  decisio n cycle s o f  abou t  10 0 m s each ,  onl y rarel y 

i s ther e sufficien t  tim e t o dea l  wit h al l  th e charac -
teristics .  I n a  singl e hearing ,  MusicSoa r  ca n lear n onl y 

some o f  th e characteristic s o f  th e music ,  an d late r 
rehearing s the n provid e opportunitie s fo r  additiona l 

learning .  Thi s accoun t  suggest s why ,  whe n a  piec e i s 

partiall y  learned ,  a  perso n m a y b e abl e t o imagin e 

hearin g i t  b y followin g th e sequenc e o f  expectation s 

tha t  ar e generated .  However ,  an y attemp t  t o sin g i t  ou t 
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lou d woul d b e embarrassin g a s th e expectation s d o no t 

completel y specif y al l  th e characteristic s require d fo r 
performance . 

Hierarchical structure of music 

Lerdah l  &  Jackendof f  (1983 )  argu e tha t  perceptio n o f 
musi c involve s creatin g a  subjectiv e hierarchica l  struc -

tiir e involvin g meter ,  rhythm ,  grouping ,  tona l  move -

ment ,  etc .  Suc h structure s aris e i n MusicSoa r  fro m 

augmentation s adde d t o attende d event s i n th e listen -

to-musi c subgoal .  Th e production s tha t  creat e thes e 
augmentation s ar e learne d i n meter-analysis ,  grouping -

analysis ,  an d tonal-analysi s subgoal s tha t  aris e withi n 
th e learn-expectatio n subgoal .  Th e abilit y  o f  MusicSoa r 

t o creat e suc h structure s depend s heavil y o n pas t  ex -
perience ,  fo r  ther e i s insufficien t  tim e fo r  extensiv e 
analysi s o f  th e musi c i n subgoals .  Rather ,  suc h struc -
ture s mus t  generall y aris e directl y fro m previousl y 
learne d production s tha t  matc h th e informatio n i n 
workin g memory . 

Composition 

One interestin g propert y o f  th e MusicSoa r  approac h i s 
tha t  thi s syste m could ,  wit h fe w changes ,  compos e 
music .  Tha t  is ,  becaus e MusicSoa r  i s base d o n expecta -
tions ,  al l  tha t  i s  require d i s t o initializ e music-working -

memory wit h a  musica l  fragment .  Thi s fragmen t  woul d 
the n trigge r  expectations ,  an d thes e expectation s woul d 
not  b e compare d t o actua l  input s bu t  woul d simpl y 
become ne w value s i n music-working-memor y whic h 
ar e the n use d t o contro l  th e generatio n o f  stil l  mor e 
expectations .  Th e qualit y o f  th e compositio n repre -
sente d b y thi s chai n o f  expectation s woul d b e governe d 
by th e qualit y o f  th e learne d expectations .  However , 
thi s perspectiv e bring s anothe r  poin t  int o focus :  W h e n 
ther e ar e conflictin g expectations ,  th e syste m mus t 
sho w som e indeterminacy .  Tha t  is ,  give n a  se t  o f  con -
flictin g expectations ,  th e sam e on e shoul d no t  b e 

selecte d o n ever y ru n o r  els e w e hav e a  syste m tha t  ca n 
compos e onl y a  fe w pieces .  I t  i s  likel y tha t  th e sam e 
indeterminac y shoul d als o b e tru e o f  listening :  Th e 
same son g ma y b e re-hear d i n differen t  ways . 

Summary 

Ther e ha s bee n relativel y littl e wor k o n buildin g 
processin g theorie s o f  music .  Soa r  provide s a  challeng -
in g an d excitin g framewor k fo r  suc h explorations ,  and , 
t o ou r  knowledge ,  i t  ha s no t  previousl y bee n applie d t o 
musi c cognition .  Soa r  pose s severa l  interestin g con -
straint s i n it s  applicatio n t o musi c cognition .  On e i s tha t 
musi c cognitio n mus t  b e viewe d a s a  proble m solvin g 
activity .  Intuitively ,  w e thin k i t  i s  reasonabl e t o vie w th e 
proble m i n musi c cognitio n a s on e o f  anticipation .  A 
secon d significan t  constrain t  o n th e applicatio n o f  Soa r 
t o musi c cognitio n i s tha t  Newel l  ha s linke d th e tim e 
tha t  i s require d fo r  a  decisio n cycl e i n Soa r  t o brai n 

processe s tha t  requir e abou t  10 0 ms .  Thi s temporal 

constrain t  impose s importan t  Umitation s o n ho w th e 

theor y ca n b e applie d t o a  domai n suc h a s musi c an d 
makes i t  possibl e t o evaluat e th e Soa r  theor y an d it s 
instantiatio n i n MusicSoa r  i n way s tha t  ar e rarel y tru e 

of  cognitiv e theories .  W e thin k tha t  th e Soa r  framewor k 
may generat e ne w insight s an d question s int o th e 
problem s tha t  ar e pose d fo r  cognitiv e theorie s fo r 

domain s suc h a s music .  MusicSoa r  i s a n attemp t  i n thi s 
direction . 
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