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e Distinct bases required for each pitch/phoneme-combination — makes
the estimation and clustering less reliable

Proposed Source-Filter Model

e Each basis b, (k) is described as a product of the magnitude spectra of
an excitation (source) e;(k) and a filter h;(k).

e “Source” refers to a vibrating object such as a guitar string — varies with
pitch

e “Filter” represents the resonance structure of the rest of the instrument
which colors the produced sound — varies with timbre

e Model for the magnitude spectrum of mixture signal:

ty(k) = D_ gijaei(k)h;(k) (2)

e Smaller number of parameters — bases are restricted to b,(k) =

ei(k)h;(k)

e The model associates components with the same timbre (resp. pitch),
leading to an automatic clustering of bases to sound sources (resp. mu-
sical notes).
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e On magnitude spectrograms non-negative matrix factorization produces
representations where each basis corresponds to an individual sound
source

e Fistimation principle: minimize the reconstruction error between the
magnitude spectrograms of the observed signal and model, while restrict-
ing the parameters to positive values

e We extend the algorithm to estimate the parameters of the source-filter
model

e [nitialize parameters with random positive values, apply multiplicative
update rules sequentially. Each update decreases the reconstruction error

Representing Several Pitch Values with
a Single Excitation

J

e Translating the bases in frequency allows representing several pitch values
with a single basis (requires logarithmic frequency resolution)

e The amount of contribution of the n'" basis translated by 7 frequency
indices denoted by g, 1 7

e Model can be written as a convolution between gain and basis:

ft(k) — Zgn,t,rbn(k — T) (3)
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FIGURE 2: Representing several fundamental frequency values with
a single basis.

e Drawback: the translation affects the entire basis function, and therefore
the filter becomes translated

e Proposed model: different fundamental frequency values obtained by
translating a single harmonic excitation while keeping the filter fixed

Bi(k) = D gijereilk — 1)hi(k). (4)

27.777-

e Eistimation algorithm extended from NMF
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