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Combinatorial Optimization (orchidee)

Sound features

e Spectral centroid (brightness) [McAdams+1995]
e Spectral spread (volume) [Chiasson2007]
e Resolved partials (harmonic tone)

e Time and noise features are not considered

e Preliminary tasks:
e Sound combinations features prediction functions

e Perceptual dissimilarity functions {D%(S) | k=1,...,K}

17



Multiobjective approach

Combinatorial Optimization (orchidee)

18



Combinatorial Optimization (orchidee)

Multiobjective approach

Relative importance of perceptual dimensions cannot be known without
prior information on listening preferences

18



Combinatorial Optimization (orchidee)

Multiobjective approach

Relative importance of perceptual dimensions cannot be known without
prior information on listening preferences

Multiobjective optimization: Jointly minimize {D%(S) | k=1, ... K}

18



Combinatorial Optimization (orchidee)

Multiobjective approach

e Relative importance of perceptual dimensions cannot be known without
prior information on listening preferences

e Multiobjective optimization: Jointly minimize {D%(S) | k=1,...,K}

e Pareto dominance: r=y & Vk, i <y

:L'ﬁE/\Eﬁ:c

E<z t A ENE £z

18



Combinatorial Optimization (orchidee)

Multiobjective approach

e Relative importance of perceptual dimensions cannot be known without
prior information on listening preferences

e Multiobjective optimization: Jointly minimize {D%(S) | k=1,...,K}

e Pareto dominance: S1 <8 & Vk Di(S) <DE(S,)
A
______ ., ’
------ AP * . ¢
tRAENE Lz _____:_'L’ - =
.t e e
-4--19 ¢t L
R T~ ¢
P . T
s ' ,: o e
e ¢ o
E<u TR ENE fx T e,
/ e

19



Multiobjective approach

Combinatorial Optimization (orchidee)

Relative importance of perceptual dimensions cannot be known without

prior information on listening preferences

Multiobjective optimization: Jointly minimize {D%(S) | k=1,...,K}
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orchestra in which only 4 can play simultaneously a given 4-note chord.
Thus:

e There are around a billon a feasible combinations

e (Computing their features takes around 20 minutes with 3 perceptual
dimensions

Taking into account that:

e A big orchestra may contain around a hundred instruments;
e There might be around ten perceptual features;
e |nstrument sound databases may hold hundred of thousands items;

Complete resolution methods cannot help here.
Metaheuristics are required.
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e Any musical material comes within a musical gesture
e Depending on this gesture all configurations may not be feasible

Sample
4 ) . :
feature | — — attribute | pItCheS
feature 2 s — attribute 2 dynamics
playing styles
feature K — S y — attribute N mute

e Modeling context with global constraints on attributes :

“Between 8 et 12 instruments”

“No more than 3 fortissimo”

“At least two different pitches”

“All strings play with a mute”

e Local search / soft constraints approach: lteratively update a single
configuration to minimize a set of cost functions
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3 neighborhood heuristics:

1. If a conflict constraint is violated, first update an instantiated
variable.

2. If a design constraint is violated, first update a free variable.

3. There is a priority variable to change [Codognet2002]. Decision
rule is based on a min-conflict heuristic.

1 move heuristic:

4. In the current neighborhood choose the configuration that
minimizes the global cost function (min-conflict).

1 cycle handling heuristic:

5. Handle cycles and local minima with a short term memory scheme
(tabu list [Glover1997])
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e (Constrained multiobjective orchestration search

e User interaction - Listening preferences inference mechanism

e Enhancing timbre exploration with multiple views of solution set

e Manual editing / Auto-repairing and auto-transforming procedures

e (Currently used by composers at IRCAM
e Standalone application packaging in progress
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e No model for unisons

e Some playing styles cannot be handled
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50



Anyway ...




Anyway ...

Speakings (Jonathan Harvey)

[2008] For orchestra and electronics

51



Anyway ...

Speakings (Jonathan Harvey)

[2008] For orchestra and electronics

Harmonic background line
(beginning of the 3rd part)

e

& & p=

OM - AH - HUM

51



Anyway ...

Speakings (Jonathan Harvey)

[2008] For orchestra and electronics

Harmonic background line
(beginning of the 3rd part)

e

& & p=

OM - AH - HUM

51



Anyway ...

Speakings (Jonathan Harvey)

[2008] For orchestra and electronics

Harmonic background line
(beginning of the 3rd part)

e

& & pu
OM - AH - HUM
Orchestration :

- 22 ostinato repetitions
- Temporal evolution controlled
by constraints

51



Anyway ...

Speakings (Jonathan Harvey)

[2008] For orchestra and electronics

Harmonic background line
(beginning of the 3rd part)

OM - AH - HUM

Orchestration :

- 22 ostinato repetitions

- Temporal evolution controlled
by constraints

n

e}

h

ogro-tramo | Sc

mf

£

ogro-tatn | ¢

wy

i
-

te

anf-hare | 2

gol mygel| gyl

2
-

g :f .

»

P

wri-hare | 1c

wf

I}
1}

-

ronwd | 3¢

Sordra

I

}
.
ronwd | 2

"

gno-traty | 30

51



Anyway ...

Speakings (Jonathan Harvey)

[2008] For orchestra and electronics

Harmonic background line
(beginning of the 3rd part)

OM - AH - HUM

Orchestration :

- 22 ostinato repetitions

- Temporal evolution controlled
by constraints

n

e}

h

ogro-tramo | Sc

mf

£

ogro-tatn | ¢

wy

i
-

te

anf-hare | 2

gol mygel| gyl

2
-

g :f .

»

P

wri-hare | 1c

wf

I}
1}

-

ronwd | 3¢

Sordra

I

}
.
ronwd | 2

"

gno-traty | 30

51



Anyway ...

Speakings (Jonathan Harvey) - Created August |9th, 2008 in Royal Albert Hall,

52


http://127.0.0.1/~Gregoire/soutenance/harvey/
http://127.0.0.1/~Gregoire/soutenance/harvey/
http://127.0.0.1/~Gregoire/soutenance/harvey/

Future work

Conclusions

53



Future work

Automatic criteria inference for high dimension problems

Conclusions

53



Future work

e Automatic criteria inference for high dimension problems

e Automatic constraint inference from target analysis

Conclusions

53



Future work

Automatic criteria inference for high dimension problems
Automatic constraint inference from target analysis

Attack / sustain mechanisms

Conclusions

53



Conclusions

Future work

e Automatic criteria inference for high dimension problems
e Automatic constraint inference from target analysis
e Attack / sustain mechanisms

e Emergence (and disappearance)

53



Conclusions

Future work

e Automatic criteria inference for high dimension problems
e Automatic constraint inference from target analysis

e Attack / sustain mechanisms

e Emergence (and disappearance)

e Temporal model for “segmented” targets

53



Conclusions

Future work

e Automatic criteria inference for high dimension problems
e Automatic constraint inference from target analysis

e Attack / sustain mechanisms

e Emergence (and disappearance)

e Temporal model for “segmented” targets

e Temporal model for “articulated” targets

53



thank you

54



