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A study on acquiring sensibility information by multiple-part learning
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We develop a system that automatically composes music adapted to one’s sensibility as a part of a
study to learn human sensiblility. The system learns music structures by first order logic that evokes
subjects’ specific feelings from their evaluations of existing tunes and the music structures of them. In
this paper, we view this learning problem as a problem of multiple-part learning, where the task is to
learn a concept given positive and negative inastanes composed of many parts. We view tunes as data
composed of many chords and calculate the importance of each chord, so that we incorporate it into

the search heuristics.
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Initialize Beam with an empty rule
Do
NewBeam «— {}
For each clause C' in Beam
Generate Candidate by adding all possible
literals to C'
For each new clause nC in Candidates
Calculate heuristic of nC using DD values
Append nC to NewBeam
Beam ~ Best BeamW'idth clauses in NewBeam
R ~ Best clause in Beam
Until Accuracy(R) > € and PositiveCoverage(R) > v
Return R
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ex(tune(1),+).

has_chord(1,1,chord(c(0) ,dur,2,5,0,nil,nil,nil,subdominant)) .
has_chord(1,2,chord(c(0),dur,4,5,0,nil,nil,nil,subdominant)).
has_chord(1,3,chord(c(0) ,dur,1,7,0,nil,nil,nil,tonic)).
successive_chords(1,1,2,song_frame(lento,four_four,piano,piano,c(0) ,dur,other))
successive_chords(1,2,3,song_frame(lento,four_four,piano,piano,c(0),dur,other))
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tune(M) :-  has_chord(M,A,B),
inversion_I(B),
successive_chords(M,A,C,D),
tempo_allegro(D),
has_chords(M,C,E),
inversion I(E).
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tune(A) :- has_chord(A,_,B) ,napori_VI(B).

tune(A) :- has_chord(A,B,C),inversion_II(C),moll(C),

successive_chords(A,B,_,D),tempo_andante(D) .

tune(A) :- has_chord(A,_,B),inversion_II(B),moll(B),

dominant (B) .
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