
A Connectionis t  M o d e l  o f  Intermediat e Representation s fo r  Musica l  Structur e 

Edward W. Large 

Computer  an d Informatio n Science s Departmen t 
2036 Nei l  Avenu e 

largc<a )  cis.ohio-state.ed u 

Caroline Palmer 

Psycholog y Departmen t 

188 5 Nei l  Avenu e 

cpalmer@magnus.acs.ohio-state.ed u 

Jordan Pollack 

Compute r  an d Informatio n Science s Departmen t 

203 6 Nei l  Avenu e 

pollack@cis.ohio-state.ed u 

The Ohio State University 

Columbus ,  O H ,  4321 0 

Abstrac t 
The communicatio n o f  musica l  thought s an d emotion s require s 
tha t  som e musica l  knowledg e i s share d b y composers ,  perform -
ers ,  an d listeners .  Computationa l  model s o f  musica l  knowledg e 
attemp t  t o specif y th e intermediat e representation s require d t o 
generat e adequat e prediction s o f  musica l  behavior .  W e describ e 
a connectionis t  mode l  tha t  encode s th e rhythmi c organizatio n 
and pitc h content s o f  simpl e melodies .  A s th e networ k learn s t o 
encod e melodies ,  structurall y mor e importan t  event s ten d t o 
dominat e les s importan t  events ,  a s describe d b y reductionis t 
theorie s o f  musi c (Lerdah l  &  JackendofF ,  1983 ;  Schenker , 
1979) .  W e describ e a n empirica l  stud y i n whic h improvisation s 
on a  tun e b y a  skille d musi c performe r  ar e compare d wit h th e 
encoding s produce d b y th e network .  Th e tw o ar e examine d i n 
term s o f  th e relativ e importanc e o f  th e musica l  structur e the y 
posi t  a t  intermediat e level s o f  representation . 

Introduction 

A primar y goa l  o f  musi c cognitio n i s t o specif y menta l  repre -

sentation s fo r  musica l  knowledge .  Computationa l  model s o f 

musi c composition ,  performance ,  an d perceptio n ofte n posi t 

multipl e level s o f  structura l  descriptio n i n menta l  representa -

tions .  W e refe r  t o thes e level s o f  structura l  descriptio n a s 

intermediat e representations ,  becaus e the y mediat e betwee n 

th e perceptio n o f  a  musica l  surfac e (th e scor e o r  acousti c sig -

nal )  an d th e resultin g musica l  behavio r  (th e performanc e o r 

m e m o ry o f  a  piece) .  However ,  th e propose d structura l 

description s ofte n fal l  shor t  o f  adequatel y specifyin g th e rel -

ativ e importanc e o f  th e musica l  events .  W e propos e a  connec -

tionis t  mode l  o f  menta l  representation s fo r  musi c tha t 

emphasize s th e hierarchica l  natur e o f  musica l  structure ,  an d 

we compar e it s prediction s o f  relativ e importanc e wit h evi -

denc e from  skille d musi c performance . 

Theoretica l  account s o f  menta l  representation s fo r  musica l 

structur e ofte n emphasiz e th e importanc e o f  hierarchica l 

organization .  Hierarchica l  model s o f  rhythmi c organization , 

fo r  example ,  describ e th e w a y i n whic h musica l  event s ar e 

combine d t o for m large r  structura l  unit s i n a  neste d fashio n 

(Coope r  &  Meyer ,  1960) .  I n a  particula r  musica l  context ,  cer -

tai n pitc h event s ar e hear d a s bein g dominan t  i n th e hierarch y 

and other s ar e hear d a s elaboration s o f  th e dominan t  event s 

(Lerdah l  &  Jackendoff ,  1983 ;  Schenker ,  1979) .  S o m e percep -

tua l  cue s t o hierarchica l  organizatio n ar e presen t  i n performe d 

music ,  suc h a s expressiv e variation s i n timin g an d dynamics . 

However ,  th e model s describe d abov e posi t  intermediat e lev -

el s o f  menta l  representatio n tha t  ar e base d o n informatio n no t 

necessaril y  presen t  i n th e musica l  inpu t  Thes e intermediat e 

level s o f  descriptio n ar e though t  t o reflec t  statistica l  regulari -

ties ,  derive d fro m th e inpu t  wit h th e ai d o f  genera l  knowledg e 

abou t  th e role s tha t  event s pla y i n a  particula r  musica l  idio m 

(Palme r  &  Krumhansl ,  1990 ;  Knopof f  &  Hutchinson ,  1978) . 

Computationa l  model s o f  musi c cognitio n attemp t  t o spec -

if y th e intermediat e representation s require d t o generat e ade -

quat e prediction s o f  h u m a n behavior .  Severa l  researcher s 

hav e adopte d connectionis t  model s whic h provid e general -

purpos e learnin g algorithm s capabl e o f  respondin g t o th e sta -

tistica l  regularitie s o f  th e learnin g environment .  However , 

connectionis t  model s hav e bee n notoriousl y wea k a t  repre -

sentin g hierarchica l  relationships ,  suc h a s thos e foun d i n 

musi c o r  languag e (Fodo r  &  Pylyshy n 1988) .  Recursiv e 

Auto-Associativ e M e m o r y ( R A A M )  i s a  connectionis t  archi -

tectur e whic h develop s distribute d representation s o f  hierar -

chica l  structures ,  directl y attackin g thi s proble m o f 

representationa l  adequac y (Pollack ,  1988 ;  Pollack ,  1990) . 

I n thi s paper ,  w e describ e a  R A A M mode l  tha t  encode s th e 

rhythmi c organizatio n an d pitc h content s o f  simpl e melodies . 

As th e networ k learn s t o encod e melodies ,  structurall y mor e 
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importan t  event s ten d t o dominat e les s importan t  events ,  a s 

describe d b y reductionis t  theorie s o f  musi c (Lerdah l  &  Jack -

endoff .  1983 ;  Schenker ,  1979) .  W e the n describ e a n empirica l 

stud y i n whic h improvisation s o n a  tun e b y a  skille d musi c 

performe r  ar e compare d wit h th e encoding s produce d b y th e 

R A AM network .  Th e tw o ar e examine d i n term s o f  th e rela -

tiv e importanc e o f  th e musica l  structur e the y posi t  a t  interme -

diat e level s o f  representation . 

Time-Span Reductions 

O ne theor y emphasizin g intermediat e level s o f  representatio n 

attempt s t o mode l  a n experience d listener' s intuition s o f 

Wester n tona l  musi c (Lerdah l  &  Jackendoff ,  1983) .  Th e 

theor y describe s m a n y type s o f  hierarchica l  representations , 

includin g metrica l  structure ,  groupin g structure ,  an d time -

spa n reduction .  Metrica l  structur e describe s th e wa y i n whic h 

a serie s o f  pulse s ar e mentall y combine d t o creat e neste d hier -

archica l  level s o f  alternatin g stron g an d wea k pulses .  Group -

in g structur e describe s neste d group s o f  event s formin g 

motives ,  phrases ,  an d large r  section s o f  music .  Th e output s o f 

metrica l  an d groupin g structure s combin e t o segmen t  a  piec e 

int o hierarchicall y neste d rhythmi c unit s calle d time-spans . 

At  th e lowes t  level s time-span s ar e determine d primaril y b y 

metri c structure ,  an d a t  th e highes t  level s b y groupin g struc -

ture . 

A time-spa n reductio n organize s al l  musica l  event s i n a 

piec e int o a  singl e coheren t  structur e tha t  reflect s a  stric t  hier -

arch y o f  relativ e importance .  Withi n eac h time-spa n a  singl e 

most  importan t  even t  i s identifie d an d al l  othe r  event s ar e 

hear d a s subordinat e t o it .  I n Figur e 1 ,  w e sho w a  time-spa n 

reductio n fo r  th e melod y "Hus h Liul e Baby" .  Th e to p staf f 

shows th e melody ,  an d th e bracket s sho w h o w th e piec e i s 

segmente d int o time-spans .  Th e stave s belo w sho w th e inter -

mediat e level s o f  th e reduction .  A t  eac h level ,  les s importan t 

event s ar e eliminated ,  leavin g a  "skeleton "  o f  th e melody . 

I n th e nex t  sectio n w e propos e a  connectionis t  mode l  fo r 

encodin g representation s o f  hierarchicall y neste d time-spans . 

By examinin g th e representations ,  w e ca n predic t  th e relativ e 

importanc e o f  musica l  event s withi n eac h time-span .  W e the n 

describ e evidenc e fro m a  skille d musi c performanc e tha t  test s 

th e prediction s o f  relativ e importanc e mad e b y th e connec -

tionis t  model .  A  pianist' s  improvisation s o n a  them e ar e con -

traste d wit h th e model' s prediction s o f  relativ e importanc e o f 

differen t  musica l  events . 

Recursive Auto-Associative Memory 

R A AM i s a  connectionis t  architectur e tha t  develop s distrib -

ute d representation s o f  variabl e sized ,  compositiona l  dat a 

structures .  I t  ha s bee n use d t o mode l  th e encodin g o f  hierar -

chica l  structure s suc h a s thos e foun d i n linguisti c synta x an d 

logica l  expression s (Pollack ,  1990) .  Conceptually ,  a  R A A M 

consist s o f  tw o machines ,  a  compresso r  an d a  reconstructor . 

Th e compresso r  i s traine d t o recursivel y encod e set s o f  fixed-

widt h pattern s int o singl e pattern s o f  th e sam e size .  Th e 

reconstructo r  i s traine d t o recursivel y decod e th e pattern s 

produce d b y th e compresso r  int o facsimile s o f  th e origina l 

set s o f  patterns .  Thes e mechanism s ar e co-evolve d b y linkin g 

thei r  trainin g set s togethe r  usin g a n auto-associativ e for m o f 

back-propagation .  Ou r  curren t  wor k i s base d o n a n imple -

mentatio n o f  a  R A A M a s a  3-laye r  fee d forwar d neura l  net -

wor k wher e th e input-to-hidde n laye r  transformatio n i s th e 

compresso r  an d hidden-to-outpu t  laye r  transformatio n i s th e 

reconstructor . 

I n orde r  t o find  th e intermediat e distribute d representation s 

fo r  a  se t  o f  melodies ,  w e segmen t  th e melodie s int o time -

span s a s show n i n Figur e 1 ,  an d us e thes e hierarchie s a s th e 

trainin g se t  t o a  R A A M.  Th e primitiv e event s i n eac h melod y 

ar e represente d a s binar y featur e vectors .  W e hav e chose n th e 

encodin g strateg y show n i n Figur e 2 .  O n e se t  o f  unit s encode s 

pitc h class ,  an d a  secon d se t  encode s loca l  implie d harmon y 

A ^ ^ m j ^ ' f l n i  i r ^ ^ 

tactu s leve l 
measur e leve l 

B 

_JL 
- I  U  l- J l_JL J i-ll— I 
-J l  1  I  1  I  I I  I  I  I  I  I  L 
_jl > I I I I L 

-J L . 

J L 
J L 

J I  I 

I ' ) '  J  ^  | J J  i i  J  ^ ^ = j 

c i 

Figur e 1 :  A  Partia l  T ime-Spa n Reductio n fo r  "Hus h Littl e Baby. " 
A )  Origina l  melody ;  B )  Tactu s leve l  reduction ;  C )  Measur e leve l  reduction . 
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H a r m o n y Begi n Unit s 

Figur e 2 :  Th e representatio n o f  pitc h events . 

similar to Lerdahl and Jackendoff's use of local harmony in 

creatin g time-spa n reductions .  A n additiona l  uni t  designate s 

th e beginnin g o f  a n event .  W h e n thi s uni t  i s turne d on ,  i t  indi -

cate s tha t  th e even t  ha s it s attac k a t  tha t  particula r  point . 

W h en turne d off ,  i t  indicate s tha t  even t  i s a  continuatio n o f  a 

previou s even t 

Afte r  training ,  th e compresso r  an d reconstructo r  ar e 

treate d a s separat e network s fo r  th e processe s o f  encodin g 

an d decodin g intermediat e representations .  Figur e 3  show s a 

a shor t  melodi c excerp t  segmente d int o time-spans ,  an d 

depict s th e processe s o f  encodin g an d decodin g it .  First ,  th e 

compresso r  encode s a  se t  o f  th e lowes t  leve l  time-spans ,  an d 

a'  b '  n  C 

L J 

Figur e 3 :  Networ k encodin g an d decodin g o f  a  time-spa n 

The time-spa n [[ a b ]  c ]  i s  encode d b y compressin g th e primitiv e 
even t  representation s o f  a  an d b ,  producin g representatio n Rl .  R l  i s 
the n compresse d wit h th e nex t  event ,  c ,  producin g R2 ,  whic h i s a 
representatio n o f  th e highe r  leve l  structure .  Next ,  R 2 i s decode d b y 
reconstructin g facsimile s Rl '  an d c' .  R l '  i s  the n reconstructe d t o 
produc e facsimile s a '  an d b' .  Thu s a  facsimil e o f  th e origina l  struc -
ture ,  [[a '  b' ]  c'] ,  i s  produced . 

thes e encoding s ar e recursivel y encode d t o produc e a  repre -

sentatio n fo r  th e entir e structure .  Next ,  th e reconstructo r 

decode s th e compresse d representatio n t o retriev e a  facsimil e 

of  th e origina l  structure .  I n orde r  t o captur e th e distinction s 

betwee n binar y an d ternar y group s foun d i n music ,  w e us e a 

quaternar y R A A M ,  tha t  is ,  on e wit h fou r  fields  o f  inpu t  unit s 

(1 1 inpu t  unit s pe r  field)  activate d a s show n i n Figur e 4 . 

A)  O  — -  O 

B)  O  O  ~ — O 

Figur e 4 :  Encodin g bot h binar y an d ternar y group s i n a 

quaternar y R A A M 

When a  binar y grou p i s encode d (A) ,  th e first  an d thir d fields  ar e 
activated .  Th e secon d an d fourt h ar e se t  t o zero ,  simulatin g a  binar y 
R A A M.  Whe n a  ternar y grou p i s encode d (B) ,  th e first,  secon d an d 
fourt h fields  ar e activated .  Th e thir d i s se t  t o zero ,  simulatin g a  ter -
nar y R A A M. 

The encodings developed by the network reflect the tem-

pora l  embeddin g o f  th e time-spa n hierarchy .  Th e duratio n o f 

eac h encodin g produce d b y th e networ k i s considere d t o b e 

th e su m o f  th e duration s o f  it s  componen t  events .  Thi s allow s 

us t o represen t  th e rhythmi c structur e o f  th e melod y withou t 

pre-specifyin g a  smalles t  possibl e time-slic e (se e Todd , 

1989) .  Instead ,  w e follo w Lerdah l  an d Jackendoff' s  descrip -

tio n o f  th e tactu s a s th e mos t  salien t  metrica l  leve l  (i.e .  th e 

leve l  o f  foot-tappin g tempo) .  W e requir e tha t  th e tactu s b e 

continuall y represente d throughou t  th e piece ,  bu t  time-span s 

derive d fro m smalle r  metrica l  level s ar e represente d onl y 

when actuall y presen t  i n th e melody . 

Th e compresso r  an d reconstructo r  networks ,  take n 

together ,  compris e a  well-formednes s tes t  fo r  nove l  struc -

tures .  Give n a  nove l  structure ,  th e compresso r  networ k i s 

use d t o creat e a  representation .  Th e reconstructo r  networ k i s 

the n applie d t o th e representatio n t o retriev e it s constituents . 

I f  th e reconstructe d structur e matche s th e inpu t  structure , 

eithe r  exactl y o r  withi n som e tolerance ,  thi s nove l  structur e 

ca n b e considere d t o b e well-formed .  W e wil l  us e th e differ -

enc e betwee n th e constituent s o f  th e inpu t  structur e an d thos e 

of  it s reconsuoictio n t o determin e th e relativ e weightin g o f 

eac h musica l  even t  withi n th e representation s develope d b y 

th e network . 

Measures of Relative Importance 

R A AM Networ k 

Sixtee n nurser y tune s (suc h a s "Mar y H a d a  Littl e L a m b " ) 

wer e chose n a s a  trainin g se t  becaus e the y provid e a  simple , 

natura l  musica l  cas e fo r  study .  Eac h tun e wa s a  simpl e mel -

od y betwee n 4  an d 1 2 measure s i n length ,  wit h a  mete r  o f  2 / 

4,4/4,6/8 ,  o r  12/8 .  Th e tune s comprise d te n uniqu e melodies ; 
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fou r  o f  thes e te n melodie s ha d variation s (tune s wit h simila r 

pitc h o r  rhythmi c properties) .  Althoug h th e even t  representa -

tion s require d onl y 1 1 bits ,  w e use d 2 3 units ,  allowin g 1 2 

extr a "degree s o f  freedom "  fo r  th e syste m t o us e i n arrangin g 

it s intermediat e representations.  Thes e extr a dimension s o f 

representatio n wer e se t  t o 0. 5 o n input ,  an d traine d a s don't -

care' s (Jorda n 1986 )  o n outpu t  TTius ,  fo r  th e quaternar y 

R A A M,  ou r  networ k ha d 9 2 inpu t  an d outpu t  units ,  an d 2 3 

hidde n units .  Th e networ k wa s traine d o n th e time-span s fo r 

th e melodie s wit h lengt h les s tha n o r  equa l  t o th e measur e 

level .  Th e networ k wa s no t  traine d unti l  i t  memorize d th e 

tunes ,  bu t  instea d fo r  15(X )  cycle s wit h a  learnin g rat e o f  1. 0 

and m o m e n t u m o f  0.5 .  Th e networ k wa s therefor e no t  abl e t o 

reconstruc t  ever y melod y i n th e trainin g se t  note-for-note . 

The network' s outpu t  representation s ar e interprete d fro m th e 

outpu t  value s o f  th e pitch-clas s unit s produce d b y th e decode r 

fo r  eac h even t  i n th e sequence .  I f  al l  output s ar e les s tha n 

some threshol d valu e a t  an y give n point ,  th e even t  i s inter -

prete d a s a  res t  ( a nul l  event) .  Otherwis e th e pitc h clas s uni t 

wit h th e greates t  activatio n a t  an y give n poin t  i s  interprete d a s 

th e reconsoucte d event .  Wit h thi s interpretatio n th e recon -

structo r  wa s abl e t o reproduc e fairl y accurat e facsimile s o f 

inpu t  melodies ,  althoug h som e event s wer e "forgotten "  an d 

other s wer e "remembered "  incorrectl y (i n th e reconstructio n 

but  no t  fro m th e origina l  melody) . 

To tes t  th e network' s abilit y  t o encod e nove l  tunes ,  w e 

expose d i t  afte r  trainin g t o a  melod y dissimila r  t o th e origina l 

set  o f  1 4 tunes .  Figur e 5 A show s th e melod y "Hus h Littl e 

Baby "  afte r  it s reconstructio n b y th e network ,  a s describe d 

above .  Becaus e thi s tun e wa s dissimila r  t o thos e i n th e train -

in g set ,  w e use d th e sensitiv e threshol d activatio n valu e o f 

0.1 .  Th e network' s actua l  activatio n value s fo r  eac h even t  i n 

th e sequenc e ar e show n belo w th e reconstruction . 

Improvise d P e r f o r m a n c e s 

To compar e th e network' s prediction s o f  relativ e importanc e 

wit h thos e o f  skille d musicians ,  w e recorde d improvisation s 

on a  tun e b y a  skille d pianist .  Improvisatio n i n Wester n tona l 

musi c commonl y require s a  performe r  t o identif y a  frame -

wor k o f  importan t  melodi c an d harmoni c events ,  an d appl y 

procedure s t o creat e elaboration s an d variant s o n the m (se e 

Pressing ,  198 8 fo r  a  revie w o f  improvisationa l  models) .  Thus , 

improvisatio n o n a  musica l  tun e allow s th e pianis t  freedo m t o 

determin e whic h musica l  event s shoul d b e retaine d (thos e o f 

primar y importance) ,  an d whic h shoul d no t  (thos e o f  les s 

importance) . 

A professiona l  pianis t  fro m th e Columbus ,  Ohi o are a wa s 

aske d t o perfor m thre e nurser y tune s o n a  computer-moni -

tore d acousti c uprigh t  piano .  Th e pianis t  wa s experience d i n 

improvisin g i n a  contemporary/popula r  musica l  style .  Th e 

pianis t  performe d thre e melodies :  on e include d i n th e net -

work' s trainin g set ,  on e no t  i n th e Gainin g se t  bu t  simila r  t o i t 

i n pitc h an d timin g ( a variatio n o n on e o f  th e melodies) ,  an d 

a thir d melod y unrelate d t o an y i n th e trainin g se t  Th e pianis t 

first  performe d eac h melod y a s i t  wa s notated ,  t o becom e 

familia r  wit h it .  H e the n improvise d five  simpl e melodi c (sin -

gle-line )  variation s o n eac h melody .  Al l  pitch ,  intensity ,  an d 

timin g informatio n i n th e performance s wa s recorde d o n 

computer ,  an d compare d wit h th e origina l  melody .  Onl y per -

formance s o f  th e thir d melod y (th e mos t  stringen t  tes t  o f  th e 

network' s abilit y  t o predic t  relativ e importance )  wil l  b e 

describe d here . 

Accordin g t o ou r  applicatio n o f  th e time-spa n reductio n 

hypothesi s t o improvisation ,  structurall y importan t  event s 

shoul d b e les s likel y tha n unimportan t  event s t o chang e i n 

variation s o f  a  melody .  T o tes t  thi s hypothesis ,  th e numbe r  o f 

musica l  event s identica l  t o th e origina l  melod y i n pitc h wer e 

s u m m ed acros s variations .  Th e sum s range d fro m 5  (th e sam e 

H i n J , 

B6 8 0 2 4 9 9 1 7 8 0 9 7 7 9 9 8 76 9 4 9 6 9 9 3 9 7 9 3 5 2 3 3 6 9 8 

J'  u  J 

c ^ 
m 

A I 
V J L i  r 

-W-  " 
- H 
-4i 

—̂ 
-M I E 

Figur e 5 :  "Hus h LitU e Baby. " 

A )  Networ k reconstruction ;  B )  0.6 6 threshol d criterio n reduction ; 

C)  Lerdah l  &  Jackendof f  styl e tactu s leve l  reduction ;  D )  Lerdah l  &  Jackendof f  styl e measur e leve l  reduction . 
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Figur e 6 :  "Hus h Littl e Baby. " 

A )  Origina l  melod y wit h performanc e ratings ;  B )  Ratin g criterio n reduction . 

pitc h i n eac h o f  th e five  performances )  t o 0  (th e sam e i n n o 

performance )  fo r  eac h even t  location .  Figur e 6  show s th e 

origina l  melody ,  wit h th e rating s fo r  eac h location . 

Comparison of RAAM Network and Improvised 

P e r f o r m a n c e s 

First ,  w e compar e th e origina l  tun e (Figur e 6 A )  an d th e net -

work' s reconstructio n (Figur e 5 A ) .  Th e reconstructe d tun e i s 

a reasonabl e facsimile ,  considerin g tha t  i t  wa s no t  a  variatio n 

of  an y tun e fro m th e trainin g set ,  bu t  a  distinctl y nove l  mel -

ody .  Thi s indicate s th e network' s abilit y  t o generaliz e beyon d 

it s input .  W e the n compar e th e network' s prediction s o f  rela -

tiv e importanc e wit h th e pianist' s  improvisation s b y develop -

in g reduction s fo r  bot h th e reconstructe d melod y an d th e 

improvisations .  A n intermediat e representatio n wa s devel -

ope d fo r  th e improvisation s b y includin g onl y event s fro m th e 

origina l  melod y tha t  wer e retaine d ofte n acros s performance s 

(thos e scorin g 4  o r  higher) .  Usin g thi s method ,  w e include d 

onl y th e highes t  thir d o f  th e rang e o f  values ,  an d w e applie d 

th e sam e criterio n t o th e networ k outpu t  b y raisin g th e activa -

tio n threshol d t o 0.66 .  Th e reduction s obtaine d from  thi s cri -

terio n ar e show n fo r  th e networ k i n Figur e 5 B an d fo r  th e 

improvisatio n dat a i n Figur e 6B .  A t  thi s leve l  th e reductions 

sho w significan t  agreemen t  I n general ,  th e networ k tende d t o 

retai n mor e event s tha n th e improvisations . 

Finally ,  w e ca n compar e mor e abstrac t  level s o f  represen -

tatio n 1 0 thos e predicte d b y Lerdah l  an d Jackendoff' s  theory . 

I t  i s  difficul t  t o produc e furthe r  reduction s fo r  th e improvisa -

tion s becaus e o f  th e resolution  o f  ou r  measurements .  H o w -

ever ,  w e ca n produc e furthe r  reduction s o f  th e network' s 

encodings .  Instea d o f  reapplyin g th e threshol d criterion ,  w e 

chos e th e even t  i n eac h time-spa n wit h th e highes t  activation , 

simila r  t o Lerdah l  an d Jackendoff' s  (1983 )  metho d o f  com -

putin g reductions .  B y comparin g Figure s 5 D an d C  t o Figure s 

I B an d C ,  w e se e stron g agreemen t  a t  intermediat e level s o f 

reduction .  Th e network' s abilit y  t o generaliz e wel l  enoug h t o 

develo p a  representatio n fo r  thi s melod y m a y b e relate d t o it s 

weightin g o f  importan t  event s a t  eac h representationa l  level . 

Conclusions 

Th e similaritie s see n her e betwee n improvisationa l  musi c 

performanc e an d a  connectionis t  mode l  o f  simpl e melodie s 

m ay resul t  from  simila r  computationa l  constraints .  Th e skil l 

of  improvisin g o n a  them e ha s bee n describe d a s a  largel y 

unconsciou s proces s o f  identifyin g importan t  structura l  ele -

ment s an d applyin g creativ e procedure s t o elaborat e o n thos e 

element s (Johnson-Laird ,  i n press ;  Steedman ,  1982) .  Th e 

resultin g variation s ar e relate d t o eac h othe r  b y transforma -

tiona l  rule s tha t  generat e th e possibl e improvisation s o n tha t 

theme .  O n e importan t  consequenc e o f  thi s approac h i s tha t  i t 

reduces  th e memor y demand s tha t  ca n accompan y th e us e o f 

multipl e intermediat e representations .  Instea d o f  retainin g 

eac h elemen t  a t  eac h representationa l  leve l  (thereb y increas -

in g th e necessar y storag e capacity) ,  onl y a  reduce d se t  o f  ele -

ment s i s stored ,  fro m whic h othe r  representationa l  level s ar e 

generated .  Th e R A A M networ k produce s a  compresse d rep -

resentation ,  i n whic h th e structurall y mor e importan t  event s 

dominate ,  suc h tha t  the y ar e mor e likel y t o b e reliabl y recon -

structe d tha n structurall y les s importan t  events .  Thes e simila r 

constraint s o n processin g demand s m a y accoun t  fo r  th e simi -

laritie s see n her e i n th e improvise d variation s i n musi c perfor -

mance an d i n th e networ k reconstructions . 

Reductionis t  theorie s o f  musi c cognitio n hav e inspire d 

othe r  computationa l  model s o f  intermediat e representations . 

Scarboroug h et .  al .  (1989 )  describ e a  paralle l  constrain t  satis -

factio n approac h fo r  th e perceptio n o f  metri c structure ,  mod -

elle d a s th e respons e o f  independen t  metronome-lik e agent s 

t o individua l  musica l  events .  Base d o n inter-agen t  constraint s 

tha t  enforc e Lerdah l  &  Jackendoff' s  rule s fo r  metri c struc -

ture ,  a  hierarchica l  representatio n o f  th e metri c structur e o f  a 

piec e emerges .  Rosentha l  (1989 )  ha s describe d th e perceptio n 

of  groupin g structur e a s th e proces s o f  constructin g "recog -

nize r  agents" .  Th e processe s whic h construc t  recognizer s 

operat e i n accordanc e wit h Lerdah l  an d JackendofiF' s rule s fo r 

producin g groupin g structur e analyses .  Onc e constructed , 

agent s recogniz e th e repetitio n o f  rhythmi c structures ,  thu s 

implementin g a  restricte d for m o f  paralle l  structur e recogni -

tion .  Th e program' s outpu t  i s a  mental  representatio n o f  th e 

piec e store d a s symboli c dat a structures .  However ,  additiona l 

mechanism s mus t  b e posite d t o determin e th e similarit y o f 

tw o element s i n th e mode l  (Rosenthal ,  1989) .  O n e o f  th e 

advantage s o f  usin g R A A M i s tha t  th e intermediat e represen -

tation s admi t  simpl e similarit y measures ,  suc h a s euclidea n 

distance ,  capturin g th e statistic s o f  th e inpu t  environment . 
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Othe r  researcher s i n musi c cognitio n hav e focuse d o n 

th e importanc e o f  expectation .  Meye r  (1956 )  argue s tha t 

"...th e inhibitio n o f  th e tendenc y t o respon d or ,  o n th e 

consciou s level ,  th e frustratio n o f  expectatio n (is )  th e 

basi s o f  th e affectiv e an d intellectua l  respons e t o music. " 

Bharuch a an d Tod d (1989 )  hav e describe d a  computa -

tiona l  mode l  o f  musica l  expectatio n usin g Jorda n net s 

(Jordan .  1986 )  an d Tod d (1989 )  ha s describe d ho w sim -

ila r  network s ma y b e use d fo r  musi c composition .  Tod d 

notes ,  however ,  tha t  thes e network s produc e melodie s 

"...hig h i n loca l  structure ,  bu t  lackin g i n overal l  globa l 

organization" .  Thes e computationa l  approache s t o 

expectatio n ma y fai l  t o captur e th e intermediat e repre -

sentation s require d fo r  hierarchicall y structure d event s 

suc h a s music . 

Anothe r  observatio n w e woul d lik e t o mak e regard s 

th e adequac y o f  th e R A A M architectur e fo r  developin g 

representation s o f  th e hierarchica l  structur e o f  melodies . 

Althoug h w e hav e onl y reporte d th e model' s result s fo r 

th e encodin g o f  on e tune ,  thi s resul t  represent s th e mos t 

stringen t  les t  o f  th e network' s ability :  t o encod e nove l 

sequence s i n a  manne r  simila r  t o tha t  o f  skille d musi -

cians .  W e di d no t  expec t  tha t  thi s tun e woul d b e correctl y 

encode d b y th e networ k becaus e i t  wa s no t  closel y 

relate d t o th e melodie s i n th e trainin g se L Th e fac t  tha t 

th e networ k wa s abl e t o reconstruc t  a  reasonabl e facsim -

il e o f  thi s melod y show s tha t  no t  onl y i s th e networ k 

capabl e o f  encodin g melodi c structure ,  bu t  i t  i s capabl e 

of  generalizin g i n a  robus t  manner .  Th e final  observatio n 

regard s th e natur e o f  th e representation s tha t  th e networ k 

develops .  Th e fac t  tha t  th e representation s weighte d 

event s i n a  wa y simila r  t o bot h th e musician' s choice s o f 

event s t o retai n i n improvisation s an d prediction s o f  rel -

ativ e importanc e base d o n Lerdah l  an d Jackendofif' s  the -

or y (1983 )  indicate s tha t  th e computationa l  mode l  ma y 

captur e th e relevan t  hierarchica l  jHt)pertie s o f  humans ' 

menta l  representation s fo r  musica l  melodies . 
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