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The Generation of Music Score by Non-negative Sparse

Decomposition Musicalsignals Using Pre-trained Dictionary

Abstract: The automatic analysis of identification of sound source in musical signal is important task for
music information analysis. This paper proposes the generation of music score algorithms by non-negative
sparse decomposition musicalsignals using pre-trained dictionary. We can consider music are composed as
cojmposition of several musical insturment sound signals summation. There are enourmous musical instur-
ment sounds. Only a few musical instrument sounds appear at the same time. Thus, the coefficient vector
of musical insuturment sound signals must be positive and sparse. We can gather many samples of musi-
cal insturment sounds easily and make dictionary from these samples beforehand. Then, we estimate the
coefficents of instruments sounds in musical signals using non-negative sparse coding. We confirm that the
proposed generative method is applicable.

Keywords: non-negative sparse coding, pretraining, sound source identification, principle compornent anal-
ysis, auto correlation function
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Data: x and D
Result: w
Initialize w° to a random positive vector. Set h = 0.;

repeat
witl = wh « (DTx./(DTDwh" + \);
Increment h;

until w” converges;
Algorithm 1: Algorithm to estimate the non-negative

sparse coefficients w.
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Fig. 1 Orthogonal transformation matrix Vas.

Alto-Saxophone | ContraBass
MIDI sound source KONTAKTS5
MIDI sequencer Domino
Recording Soft Audacity
Sampling-rate 44100[Hz|
pitch range C4 - B4 ‘ G2-Gb3
Bit 16[bits]
Velocity 30, 60, 120

K1 M-V TF—RDNATA—R—

Table 1 The basic information of the training data.
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Alto-Saxophone | ContraBass
MIDI sound source KONTAKTS5
MIDI sequencer Domino
Recording Soft Audacity
Sampling-rate 44100[Hz]
pitch range C4-B4 | G2-G»3
Bit 16[bits]
Velocity 61-97 \ 50
Beat Per Minutes 120[bpm]
Rhythm 2 beats
The number of bars 4 bars

K2 BliT—2DRNTA—%—

Table 2 The basic information of music data.
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(a) The piano roll of alto-saxophone
PP
—
e— =]
; — —
— i
(b) The piano roll of contrabass
2 MIDI¥—Z2T VA
Fig. 2 MIDI sequences.
VEPEE RS Y | BHES D
Alto-sax 0.6717 0.5578
Contrabass 0.2363 0.2859
Mixed 0.2901 0.2723

x 3 MHAEMEOAT L HAERDOH DL,
Table 3 The ratio of the sum of diagonal elements to the total

sum of all cross-correlations.
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Fig. 4 This figure visualize the auto correlations of Test data

with psuedo color.
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Fig. 5 Decomposition results of the test music. These fig-
ures visualize the coefficients of the dictionary compo-
nents with psuedo color. (a) is music sound dictionary

of nnACV vectors. (b) is music sound dictionary of
nnACV vectors with PCA.
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