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Talk	  plan	  

•  Machine	  Improvisa(on	  
–  LZ,	  FO,	  AO	  

•  Music	  Informa(on	  Dynamics	  
–  PyOracle	  /	  VMO	  

•  VMO	  Applica(ons	  
•  Dynamic	  Models	  of	  Crea(vity	  
•  Ques(ons	  /	  Discussion	  



Machine	  Improvisa(on	  



Exis(ng	  Systems	  

•  Mimi	  

•  Con(nuator	  
•  Omax	  

•  PyOracle	  
•  ImproteK	  



lzify	



Style	  Learning	  Algorithms	  

•  Create	  Musical	  Generators	  from	  Examples	  that	  
maintain	  similarity	  with	  the	  style	  of	  the	  
original	  example	  

Non Typical Set 

Typical 
Set An 

All sequences 

P(An)    1 

|An |~2nH
 



Suffix	  Automata	  using	  LZ	  

•  Analysis	  of	  “abracadabra”. 
context : “” 
continuations : a (4/7), b (1/7), r (2/7). 

context : “a” 
continuations : b (1/3), 

 c (1/3), d (1/3). 

context : “r” 
       continuation : a (1/1). 

root 

a r 

d b 

b 

c a 

P(generate "abrac") = P(a|"")P(b|a)P(r|ab)P(a|abr)P(c|abra) = 4/7 · 
1/3 · 2/7 · 1 · 1/3.  



IPMo(f	  

{'a':	  4,	  'ac':	  1,	  'b':	  1,	  'ad':	  1,	  'r':	  2,	  'ra':	  1,	  'ab':	  1}	  



IPCon(nua(on	  

{'':	  [('a',	  0.57),	  ('b',	  0.14),	  ('r',	  0.28)],	  'a':	  [('c',	  0.33),	  ('d',	  0.33),	  ('b',	  0.33)],	  'r':	  [('a',	  1.0)]}	  



Markov	  

{'a':	  [('c',	  0.25),	  ('b',	  0.5),	  ('d',	  0.25)],	  'r':	  [('a',	  1.0)],	  'b':	  [('r',	  1.0)],	  
'c':	  [('a',	  1.0)],	  'd':	  [('a',	  1.0)]}	  



Suffix	  Automata	  

•  Suffix	  Trees	  (ST)	  are	  used	  for	  string	  searching	  
•  Probabilis(c	  Extensions	  (PST,	  PPM)	  are	  useful	  
for	  inference	  

•  LZ	  uses	  a	  ST	  to	  find	  the	  (start,len)	  pair	  
– S	  =	  abababababababababababababababab	  
– ab(1,	  2)(1,	  4)(1,	  8)(1,	  16).	  

•  ST	  can	  be	  “bent”	  into	  Factor	  Oracle	  



Bending	  Suffix	  Tree	  



IPCon(nua(on	  con(nued	  

•  In	  LZify	  we	  are	  traversing	  the	  LZ	  tree	  over	  and	  
over	  with	  longest	  suffix	  

•  FO	  algorithm	  during	  construc(on	  creates	  
suffix	  links	  to	  longest	  repeated	  suffix	  (LRS)	  

•  Suffix	  links	  and	  reverse	  suffix	  links	  cons(tute	  
all	  points	  in	  a	  sequence	  that	  share	  a	  common	  
suffix	  

•  We	  can	  use	  these	  suffixes	  to	  “remix”	  the	  
signal,	  i.e.	  “improvise”	  



FO	  versus	  Audio	  Oracle	  
Learning	  

REALTIME Scheduler	

Time = 0	

No event!	


0	


Sequential AO Learning:	


Imaginary Euclidean Space	




REALTIME Scheduler	

Time = 1	

Arrival of 	


FO	  versus	  Audio	  Oracle	  
Learning	  

Euclidean Space	


0	
 1	


Sequential AO Learning:	


Create	  suffix	  link	  1	  



REALTIME Scheduler	

Time = 2	

Arrival of 	


FO	  versus	  Audio	  Oracle	  
Learning	  

Euclidean Space	


0	


Sequential AO Learning:	


1	
 2	


Follow	  suffix	  1	  
Create	  suffix	  2	  
Create	  forward	  link	  2	  



REALTIME Scheduler	

Time = 3	

Arrival of 	


FO	  versus	  Audio	  Oracle	  
Learning	  

Euclidean Space	


0	


Sequential AO Learning:	


1	
 2	
 3	


Follow	  suffix	  2	  
Follow	  forward	  link	  2	  
Create	  suffix	  3	  



REALTIME Scheduler	

Time = 4	

Arrival of 	


FO	  versus	  Audio	  Oracle	  
Learning	  

Euclidean Space	


0	


Sequential AO Learning:	


1	
 2	
 3	
 4	


Follow	  suffix	  3	  
Follow	  forward	  link	  3	  
Create	  suffix	  4	  



FO	  versus	  Audio	  Oracle	  
Learning	  

Euclidean Space	


0	
 1	
 2	
 3	
 4	
 5	


Follow	  suffix	  4	  
Create	  forward	  link	  5	  
Follow	  suffix	  3	  
Create	  forward	  link	  5	  
Follow	  suffix	  2	  
Follow	  forward	  link	  1	  
Create	  suffix	  5	  



20	  
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B	


A	
 A	

Symbolic World (ABBBA)	


Euclidean Space	


0	
 1	
 2	
 3	
 4	
 5	


Audio World	


20	


A	

B	


Implicit	  Quan(za(on ���
AO	  requires	  a	  threshold	  for	  symboliza(on	  /	  quan(za(on	  



Guessing	  the	  Composer's	  Mind:	  Applying	  Universal	  PredicEon	  to	  Musical	  Style	  
Assayag,	  Gérard;	  Dubnov,	  Shlomo;	  Delerue,	  Olivier,	  	  ICMC	  1999	  

Shlomo	  Dubnov,	  Gerard	  Assayag,	  Olivier	  Lar(llot,	  Gill	  
Bejerano,	  IEEE	  Computer,	  2003,	  Issue	  10	  

Using	  Factor	  Oracle	  for	  Machine	  Improvisa(on,	  G.	  
Assayag	  and	  S.	  Dubnov,	  Som	  Compu(ng	  8	  (9),	  2004	  



Problems	  

•  What	  if	  the	  radius	  of	  the	  balls	  is	  unknown?	  
– Using	  FO	  on	  an	  Audio	  Signal	  requires	  symboliza(on	  /	  
quan(za(on	  prior	  to	  FO	  

•  Audio	  Signal	  Can	  be	  analyzed	  in	  terms	  of	  mul(ple	  
features.	  	  
– Which	  feature	  to	  choose?	  

	  InformaEon	  Dynamics	  criteria	  for	  quality	  of	  FO	  
model	  of	  a	  quanEzed	  signal:	  
	   	   	   	  	  –	  one	  that	  compresses	  the	  best	  



Musical	  Informa(on	  Dynamics	  



Informa(on	  Dynamics	  

• 	  Listener	  an(cipates	  the	  con(nua(ons	  of	  music	  
• 	  Such	  predic(ons	  reduce	  his	  uncertainty	  about	  the	  future	  

    

Valida*on	  and	  viola*on	  of	  expecta*ons	  is	  a	  technique	  
commonly	  used	  by	  composers 

     

          Receiver y	  Channel.	              Source x	  

The information paradox: 
Discover more by listening more…. 
(you gain by learning, not get bored!) 



Informa(on	  Rate	  
•  Entropy	  &	  Informa(on	  

H(x)	   H(y)	  

H(x,y)	  

I(x,y)	  
H(x|y)	   H(y|x)	  

 Receiver y	  Channel.	      Source x	  

( , ) ( ) ( | )I x y H x H x y= −

•  Communica(on	  Channel	  

y	  –	  past	  experience,	  what	  you	  heard	  so	  far	  
x	  –	  new	  material	  

H(x)	  –	  uncertainty	  about	  x	  	  
H(x|y)	  –	  uncertainty	  about	  x when	  we	  know	  already y 
If y is long enough, H(x|y) becomes Entropy Rate	  
I(x,y)	  –	  how	  much	  the	  past	  tells	  us	  about	  the	  future	  



Use	  of	  IR	  in	  VMO	  

•  	  Replace	  Entropy	  H	  with	  Coding	  Length	  C	  	  
	  IR( letter) = C( letter ) – C( letter | past sequence )   
    = | Single letter encoder | -  | Block encoder | / Block size 

Compror	  encoding	  scheme	  



Compror	  Explained:	  

• 	  Source:	  aabbabbabbab	  

• 	  Encoding:	  a(1,1)b(1,3)(8,2)	  

• 	  Decode	  recursively	  

Recopy	  posi*on	  

Recopy	  length	  



Variable	  Markov	  Oracle	  

October–December	  2015	  



PyOracle	  finds	  the	  most	  informa(ve	  
structure	  of	  (me	  series	  data	  

Op(mal	  Threshold	  

S.	  Prokofiev,	  Visions	  Fugi(ves	  No.4	  	  



Structure	  depends	  on	  similarity	  
sensi(vity	  

Extremely	  Low	  Threshold	  

Extremely	  High	  Threshold	  



Use	  of	  IR	  in	  VMO	  

•  Instead	  of	  Entropy	  use	  Compression	  and	  count	  
number	  of	  bits	  using	  Compror	  
	  IR	  =	  log	  (size	  of	  alphabet)	  –	  number	  of	  bits	  used	  in	  
Compror	  encoding	  /	  size	  of	  the	  encoding	  block	  

•  Search	  over	  all	  thresholds	  to	  choose	  a	  model	  that	  has	  
highest	  IR	  

	   	  	  



VMO	  vs	  
Markov	  

{c:	  abc-‐>d,	  bc-‐>{d,a}}	  
{b:	  ab-‐>c,	  ab-‐>c,	  b-‐>c}	  
{a:	  a-‐>b,	  a-‐>b}	  
{d:	  d-‐>a}	  

[1,5,9],[2,3,6,10],[4,7,11],[8]	  

Memory	  >=	  4:	  abcd	  	  
Memory	  >=	  3:	  abcd	  abc	  	  
Memory	  >=	  2:	  abcd	  abc	  	  
Memory	  >=	  1:	  abcd	  abc	  ab	  b	  	  
No	  memory:	  b	  a	  c	  d	  



Sta(s(cal	  Interpreta(on	  

HMM	  

•  Observed	  R	  
•  Es(mated	  P, am,m’,Vn,m 

P(R[n]|m) – emission 
am.m’ - transition 

VMO	  

•  VMO	  state	  transi(ons	  
counted	  by	  forward-‐links	  

•  Emission	  according	  to	  
observed	  distance	  



Pawern	  Discovery	  with	  VMO	  

0 1 2 3 4 5 6 7 8 9 10 11a b b c a b c d a b c
0 0 1 0 1 2 2 0 1 2 3

b c
c d

d

2 2
3 3

LRS values

Suffix Links

a ab c b cb c

Forward links 



Pawern	  Discovery	  with	  VMO	  

MIREX	  Challenge:	  Discovery	  of	  Repeated	  Themes	  &	  Sec(ons	  
	  Develop	  algorithms	  that	  take	  a	  single	  piece	  of	  music	  as	  input,	  and	  output	  a	  list	  of	  
pawerns	  repeated	  within	  that	  piece.	  Also	  known	  as	  intra-‐opus	  discovery	  [Conklin	  &	  
Anagnostopoulou,	  2001].	  	  

•  Our	  Algorithm:	  
–  Choose	  Oracle	  with	  highest	  Informa(on	  Rate	  

–  look	  through	  lrs from	  t	  =	  1,	  2,	  ….,	  T	  	  to	  find	  discon(nuity	  in	  lrs values	  as	  an	  indica(on	  of	  
an	  “ending”	  of	  a	  pawern	  

–  Follow	  suffix	  links	  to	  both	  direc(ons	  to	  find	  all	  related	  pawerns	  

0 1 2 3 4 5 6 7 8 9 10 11a b b c a b c d a b c
0 0 1 0 1 2 2 0 1 2 3

b c
c d

d

2 2
3 3

LRS values

Suffix Links

a ab c b cb c



Pawern	  Discovery	  with	  VMO	  



Pawern	  Discovery	  with	  VMO	  

•  Results	  

Recall	  =	  TP/(TP	  +	  FN)	  
Precision	  =	  TP/(TP	  +	  FP)	  
1/F	  =	  (1/R	  +	  1/P)/2	  
F	  =	  2TP/(2TP	  +	  FP	  +	  FN)	  



Query	  matching	  

•  Query:	  “abcd”	  
•  Target:	  “abbcabcdabc	  
•  Result:	  loca(on	  “8”	  at	  the	  end	  of	  Query	  



Query	  Matching	  Algorithm	  



Approximate	  Query	  matching	  using	  
VMO	  



Guided	  
Improvisa(on	  

-‐	  Automa(c	  Accompaniment	  
-‐	  Automa(c	  Solo	  Genera(on	  



Gesture	  Recogni(on	  

Accepted	  for	  IEEE-‐ISM2015	  



Cultural	  Acous(c	  Sensibility	  



Self	  Similarity	  



Segmenta(on	  



Structured	  Improvisa(on	  

•  One	  of	  the	  challenges	  in	  using	  Style	  Learning	  
algorithms	  is	  a	  problem	  of	  controlling	  the	  output	  

•  FO	  is	  a	  finite	  state	  machine	  and	  can	  be	  “controlled”	  
using	  tools	  of	  DES	  (Donze)	  

•  Path	  corresponding	  to	  input	  can	  be	  found	  using	  greedy	  
search	  (Wang)	  

•  If	  future	  is	  known	  for	  given	  scenario,	  prefix	  search	  can	  
be	  used	  to	  op(mize	  Value	  to	  Go	  (Nikka)	  

•  VMO	  can	  be	  translated	  to	  Kripke	  structure	  and	  checked	  
for	  desired	  path	  (Bazin)	  

•  CP	  used	  on	  LZ	  trees	  by	  Pachet	  



Problems	  /	  Challenges	  

•  Specifica(on	  of	  control	  /	  improvisa(on	  guides	  
might	  have	  different	  alphabet	  and	  different	  (me	  
scales	  

•  Need	  to	  find	  intermediate	  representa(on	  that	  
link	  between	  two	  music	  materials,	  such	  as	  human	  
(h)	  and	  machine (m)	  

•  Score	  (s)	  can	  be	  such	  intermediate	  representa(on	  
–	  a	  categoriza(on	  scheme	  with	  op(mal	  tradeoff	  
between	  accuracy	  (quan(za(on)	  and	  complexity	  
(informa(on	  dynamics)	  



Musical	  Bowleneck	  

•  Find	  score	  s	  so	  that	  I(m:s)	  –	  αI(h:s)	  is	  op(mized	  



Two	  criteria	  for	  categorizing	  	  

•  Two	  criteria	  for	  a	  categoriza(on	  scheme:	  
  Accuracy	   	  	  	  (How	  well	  it	  describes	  the	  musical	  surface)	  

  Complexity	  (Its	  efficiency	  according	  to	  Occam’s	  razor).	  

Accuracy	  

Complexity	  

Tishby, N., F. Pereira, and W. Bialek. (1999). The information 
bottleneck method. Paper presented at the the 37th Annual Allerton 
Conference on Communication, Control and Computing 

A
ccuracy	  

Complexity	  



Op(mal	  
categoriza(on	  
to	  2	  clusters	  

Op(mal	  
categoriza(on	  
to	  3	  clusters	  

Op(mal	  
categoriza(on	  
to	  4	  clusters	  

Jacoby,	  Tishby,	  and	  Tymoczko	  (2016)	  
"An	  Informa(on	  Theore(c	  Approach	  to	  Chord	  Categoriza(on	  and	  Func(onal	  

Harmony.”	  

T	  

S	  

D	  

I,IV,V	  

ii,iii,vi	  

	  viio	  	  

M	  

m	  

d	  

TSD	  

Mmd	  

I,iii,vi	  	  

IV,ii	  

V,	  viio	  	  

T	  

D	  

DN	  

I,iii,vi	  	  

IV,ii	  

V,	  viio	  	  

Op(mal	  (determinis(c)	  clusters	  from	  IB	  are	  iden(cal	  to	  pre-‐exis(ng	  TSD	  
categoriza(on	  scheme	  known	  from	  music	  theory.	  However	  an	  alterna(ve	  exis(ng	  
scheme	  (according	  to	  the	  mode	  of	  the	  chord,	  Mmd)	  is	  subop(mal.	  



Towards	  Automa(c	  I-‐Score	  

Using	  analysis	  of	  a	  recording	  produce:	  
1.  An	  automa(c	  set	  of	  genera(ve	  models	  

2.  Segmenta(on	  

3.  Iden(fica(on	  of	  repeated	  sec(ons	  
4.  Rules	  for	  transi(on	  



Sound	  and	  Interac(on	  
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Berio	  Sequenza	  I	  



Berio	  Sequenza	  I	  



Open	  Work	  
•  Eco’s	  exemplary	  open	  musical	  works	  consist	  of	  rigorously	  composed	  parts	  

that	  may	  be	  assembled	  in	  many	  different	  orders	  (as	  in	  Stockhausen’s	  
Klavierstück	  XI	  [1957]),	  or	  of	  parts	  whose	  rela(on	  is	  capable	  of	  change	  
even	  if	  their	  order	  is	  fixed	  (as	  in	  the	  dura(ons	  and	  tempos	  of	  Berio’s	  
original	  Sequenza	  for	  flute	  [1958]);	  	  

•  An	  open	  work	  is	  not	  improvisatory	  like	  jazz	  or	  Indian	  raga,	  nor	  is	  it	  a	  
complete	  refusal	  of	  inten(on	  and	  control,	  as	  in	  Cage’s	  Zen-‐influenced	  
works.	  	  

•  Open	  works	  are	  not	  indeterminate,	  not	  totally	  without	  pre-‐exis(ng	  
structure,	  but	  rather	  suspended	  between	  many	  different	  but	  fully	  
determinate	  structures.	  	  

	  Thus	  they	  enable	  a	  composer,	  in	  principle	  at	  least,	  to	  reconcile	  the	  
apparently	  contradictory	  impera6ves	  of	  complete	  control,	  which	  reached	  
its	  apotheosis	  in	  the	  total	  serialism	  of	  the	  earlier	  Boulez	  and	  Stockhausen,	  
and	  the	  freedom	  in	  performance	  that	  was	  the	  hallmark	  of	  Cage’s	  aleatory	  
works.	  

Timothy	  Murphy,	  99	  



Model	  of	  Crea(vity	  

	  	   	   	  Technique	  –	  Sensibility	  –	  Intent	  

•  Machine	  Improvisa(on	  (ML	  /	  AI)	  
•  Music	  Informa(on	  Dynamics	  (IT	  /	  Dynamic	  Sys.)	  
•  Scenario	  and	  Narra(ve	  (Formal	  Methods,	  HCI)	  



Summary	  

•  Crea(vity	  can	  be	  seen	  as	  a	  dynamic	  process	  of	  
informa(on	  transfer	  between	  different	  levels	  
(resolu(ons)	  exis(ng	  in	  the	  message	  structure	  

•  It	  operates	  by	  finding	  a	  tradeoff	  between	  
complexity	  of	  individual	  elements	  (varia(on)	  and	  
the	  ability	  to	  establish	  a	  coherent	  structure	  on	  a	  
higher	  level	  (abstrac(on	  and	  selec(ve	  reten(on)	  

•  Controlling	  informa(on	  produc(on	  can	  be	  done	  
by	  maximizing	  informa(on	  (minimizing	  an	  error)	  
between	  the	  informa(on	  source	  and	  an	  external	  
specifica(on	  such	  as	  a	  query	  sequence	  



end	  


