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ABSTRACT densities and given by the equation

In this work a sound transformation model based on Gaus-

sian Mixture Models is introduced and evaluated for audio ZQZ N(Z; fis, i) (1)
morphing. To this aim, the GMM is used to build the acous-

tic model of the source sound, and a set of conversion func- . ) ] ] L

tions, which rely on the acoustic model, is used to trans- WhereZ is a P-dimensional input vectorV (7; i;, %;) are
form the source sound. The method is experimented on alN€® component densities, and are the mixture weights.
set of monophonic sounds and results show that it providesEach component density isf&variate gaussian function of
promising features. the form

| 3, |)_1/26_%(5—/%)T2i71(5'—1?'&)
(2)

Gaussian Mixture Models have been widely used in the field with mean vectoy:; and covarlance matriX;. The weights
of speech processing, mostly for speech recognition, speaker; satisfy the constramtE a; = landa; > 0.
identification, and voice conversion [1, 2]. Their capability The gaussian mixture is completely specified by the mean
to model arbitrary densities and to represent general spectravectors, covariance matrix and mixture weights, and can be
features motivates the use of GMMs as part of the acousti-represented by
cal front-end for further processing tasks, such as the ones
mentioned.
In this work a sound transformation model based on Gaus-
sian Mixture Models is introduced and evaluated for audio
morphing, defined here as modifying the time-varying spec-
trum of a source sound to match the time- varying spectrum; a set of acoustic classes. The probability that an ob-
pf a given nu_mber of targe_t sounds. To this aim, the GMM erved input vectaF belongs to the class; = (v, /7, )
is used to build the acoust_lc model_of the source sound, a_noi';S given, in terms of density, by the formula
a set of conversion functions, which rely on the acoustic
model, is used to transform the source sound. o f(@N)pN) N(Z; 15, %)
The paper is organized as follows. In Section 2 we recall the p(AilT) = = =%y N

i . . f(Z[A) Sl i N(F5 i, 35)
properties of GMMs and introduce the spectral conversion g=1
framework. In Section 3 the design of the acoustic model where f(#|\;) = N(#; 1}, %;), p(\) = a;, andf(Z|A) is
and conversion functions for sound morphing purposes isgiven by Eq. (1).

addressed. In Section 4 the method is experimented on a sejyhen used to model speech, the components of the GMM

1
1. INTRODUCTION (% 6, Bo) (27r)1’/2(

A={o, @i, S i=1...M ©)

An interesting feature of the GMM for sound processing
applications is that the component densities of the mixture
may represent a partition of the underlying sound process

(4)

of monophonic sounds and the results are discussed. represent different phonetic events. When used to model
spectra of a sound from a musical instrument, say a sin-

2. DESCRIPTION OF THE SPECTRAL gle sustained note, we may say that the components of the
CONVERSION MODEL GMM represent different portions of the sound (e.g., frames

from the attack, the sustain, or the release portion). How-
The GMM approach assumes that the density of an observecdver, depending on the data the model is trained with, it may
process can be modelled as a weighted sum of componentepresent the notes from the same instrument played with
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different intensities, or notes from different instruments, and 3. SOUND MORPHING WITH THE GMM

so on. In other words, a conversion function which relies on

this model is in principle able to classify the input sound The investigation relies on the well known sinusoidal plus
frame to be transformed and to perform the transformation noise model (SMS) of the signal [3]. The analysis algo-
required for that frame. rithm acts on windowed portions (here call#gdmeg of

Let us suppose that a sequencefstlimensional column  the signal, and produces a time-varying representation as
vectors{Z;}, t = 1,...,T, which represents the time- va- Sum of sinusoids (here callgzhrtials). Assuming that the
rying spectral envelope of a source signal, has been fitednumber of partials” is constant for all frames, for thieth

by a GMM. Moreover, let assume that a sequenceé’6f frame the result of the sinusoidal modelling is a set of triples
dimensional column vectorgj; }, t = 1,..., T, havingthe  (fa(9),an(i), #n(i)) (b = 1,..., P) of frequency, magni-
same length of the source signal, is the target of the con-tude and phase parameters describing each partial, and a
version. We define a spectral conversion function as a mapresidual noise component that will not be considered in this
F : RP — RP able to transform each vector in the input work. We focus here on the transformation of partials ma-
sequence into the vector which occupies the same positiorghitude only. We thus omit to model the differences of fre-

in the output sequence, thus preserving the time informa-gquency and phase among the partials of the source and tar-
tion of the input and output data. Although it is not neces- get sounds. For this assumption to be considered reasona-
sary for the input and the output vectors to have the sameble, we also restrict the choice of the source and the target
dimension, we will assum&’ = P in the rest of the paper. ~ sounds to a set of compatible signals (e.g., morphing among
We consider the following parametric form for the spectral piano notes with different spectral characteristics, morphing

conversion function [2]: among sustained notes of wind or string instruments, etc.).
M . .
F(#) = ZP(MI@)[@ + I‘iE{l(ft — i) ) 3.1. Computation of the acoustic model
=1 An observed sounX is represented by the matrix:
This conversion equation is equivalent to the solution of the T
following set of equations: Ti1 -0 TIN T
X=1|.-- . .. :[fl j;’N] (11)
_. 2 R 1o . Tp1 * TPN
e =Y (|70 + T2 (& — i) (6)
i=1 where P is the number of partials)V is the number of

frames, andr;; = a;(j) are the magnitudes of the par-
tials. The soun is referred to its model by the den-
sity p(X|A). The Gaussian Mixture density is paramete-

forallt = 1...7. Eqg. (6) can be gathered into a single
matrix equation by:

Y=P-©+A-T, ) rized by the mean vectors, covariance matrices and mixture
weights from all component densities. We adopt the method
where - of maximum likelihood (ML) estimation to compute the pa-
Y =[n-9r] (8) rameters of a GMM. For a sequence®ttraining vectors
S ={s,...8r} (e.g., a set of columns selected from an ob-
p(M|Z) - p(AmT) servation sound matriX, see (11)), the ML estimate com-
P= e - , 9) puted using the expectation-maximization (EM) algorithm
pOM|Zr) o p(A| @) maximize the likelihood of the GMM, defined by:
A is a matrix that depends on the conditional probabilities,
S S|A) = St|AN). 12
® = [91.._9A{]T’ p( | ) tl;[l p( t| ) ( )
and . The original formulation of the GMM is founded on the
I'=[I..I'y] assumption that the observation vectors are independent of

are the unknown parameters of the conversion function. ~ one another. This simplifying assumption makes the GMM
In this work we omit the terrﬁ‘iZ;l (Z;—fi;) in (5) and we model suited to cases where the sequential aspect of the ob-

use the following reduced form of the conversion function Servations (the time index) is believed to be irrelevant. In

2] speech recognition or conversion tasks the performances of
M the GMM are fairly satisfactory even with such assumption.
F(Zy) = Zp()\im)[ei]. (10) However, if we are interested in reaching a high level of

i=1 accuracy in the target sound reproduction, as is often the
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case for audio and musical applications, then the sequentiallo perform a morphing whit percentage, ..., 5x, we use
aspect may turn out to be a critical factor. Since this was the equation:

the case in our experience, we managed to include some

knowledge on the dynamics of the process in the GMM so "

to further improve the acoustic model of the source. This

can be achieF\)/ed by augmenting the dimension of the input morph = F(X1) = Z (BrP(AifX1)®1 + ..
with one or more delayed versions of the source process.
Fig. 3.1 shows this realization for a doubling in the dimen-
sion of the input process. If we include the information on

i=1

+0r P(Ai|X1)OK) (17)

Figure 2: Diagram of the audio morphing based on the

) ) ) transformation o, by means of the conversion functions
Figure 1: The canonical GMM (upper figure) and the aug-

mented version if the input is duplicated and delayed (lower
fi .
'gure) 4. RESULTS AND DISCUSSION

the past and we focus on the case were the dimension ofS_ the | tiqation i ricted to th . ¢
each input component is doubled, Eq. (4) becomes: ince the investigation is restricted to the conversion of par-

tials magnitude, the method was used to convert sounds with
-~ . N(Z4—r; ﬁi, f)i) compatible time evolution of frequency tracks. A set of two

P(AilZr, Ti—r) = O"iZM N (Fr s fos 50) (13) " piano notes, two samples of Fazioli and of Bosendorfer, was

j=1 G At Hiy S considered as the training data, all having the same funda-

with LS (%14, T14—7y---,TPs, TPt , and where mental frequency and different spectral characteristics. The

the component densiti€¥(Z, ;_-; ji;, ;) are now2P- va- proposed method was applied to the data set to represent all
riate gaussian functions. The extension to the case wherdhe sounds by transformation of one note selected to be the
more than one delayed version of each input component issource sound. This assumption of limiting the conversion
considered is straightforward. to partials magnitude is not restricting since the method can
be extended in order to perform the conversion of frequency
tracks as well.

The SMS analysis was performed on ranged sounds, with
Let X = {Xy,...,Xk} be the set of{ given sounds, each 60 partials and a reverse analysis direction, for better be-
one organized in an observation sound matrix. The num-havior with attack part. The SMS data set was corrected to
ber of selected training frames for each sound is assumed tqun the killed partials [3] and to range the partials of two
beT. Our idea is to represent only one of thesounds,  sounds. The sound of Bosendory, see (11), was repre-
sayXi, by his L-dimensional model, defined as a model  sented by the 3-dimensional mode}, with delays o0f100

in which each input is replicated and delaykdimes and  and200 samples.

the component densities aRd.-variate gaussian functions.  The sound of Fazioli is obtained by the equation:

The whole set of data sounds is then achieved by a set of _

conversion functionst;, j = 1,..., K, of the form intro- X5 =P(Ap]X)Oy,

duced in Eq. (5) in which the diagonal matrix elemerits
have been omitted:

3.2. Conversion functions

where® is obtained by (15)

R Fig. 3 shows the conversion of the source data into the tar-
Xj=F;j(X1) =P(AIX1)®;,j=1,.... K (14) get data (only the@3th partial is shown). The upper figure
shows the result fol/ = 128 and7 iterations of EM the
algorithm. The lower figure shows the same conversion per-
formed by augmenting the dimension of the GMM frdfn

to 3P, with delays ofl00 and200 samples.

To perform a morphing with percentage

where X, is the sound represented by the model, i.e. the
source soundP(A|X;) is a P x M matrix given by Eq.
(4), and®; is an M x P matrix of coefficients computed

by:

0, = (P(AX))P(AX) "P(AIX)'X;,j =1,.., K. Bo(t), By (1),
(15)

In particular the souni; is obtained by the equation: where the weight are functions of time, we use (see (17))

Xy =Fi(X1) =Y P(\[X1)©;. (16) X =" (Bo(t)P(As|Xp) O + B (t)P(Ay[Xp)O ).
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Fig. 4 shows the conversion of the source data into the target
data (only the23th partial is shown), by gradually rising
the weight of the conversion. The upper figure shows the
result forM = 128 and?7 iterations of the EM algorithm.
The lower figure shows the same conversion performed by
augmenting the dimension of the GMM framto 3 P, with
delays ofl00 and200 samples.

Figure 3: Comparison of the conversion of tgth partial
of the source sound into th3th partial of the target sound
with a 1-dimensional (upper plot) and 3-dimensional
(lower plot) model (time evolution of the amplitudes is
shown)

Figure 4: Comparison of morphing which transform the
source sound into the target sound with -@imensional
(upper plot) and &-dimensional (lower plot) model. The
morphing is performed by gradually rising the weight of the
conversion (time evolution of the amplitude of th&h par-
tial is shown)

5. CONCLUSIONS

We presented a sound morphing framework based on GMM.
The results show that the method is effective in performing
spectral transformations while preserving the time evolu-
tion of the source sound. The information on the dynamics
of the process, obtained by augmenting the model’s dimen-
sion, improve the quality of conversion because of the im-
proved modelling of time evolution.

With this method we were able to change a source sound
into a target sound by the conversion matriB¢A |X) and

©®, making sound morphing considerably intuitive.
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