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Abstract—This paper addresses the problem of represent-
ing the speech signal using a set of features that are approx-
imately statistically independent. This statistical indepen-
dence simplifies building probabilistic models based on these
features that can be used in applications like speech recog-
nition. Since there is no evidence that the speech signal is a
linear combination of separate factors or sources, we use a
more general non-linear transformation of the speech signal
to achieve our approximately statistically independent fea-
ture set. We choose the transformation to be symplectic to
maximize the likelihood of the generated feature set. In this
paper, we describe applying this nonlinear transformation
to the speech time-domain data directly and to the Mel-
frequency cepstrum coefficients (MFCC). We discuss also
experiments in which the generated feature set is trans-
formed into a more compact set using a maximum mutual
information linear transformation. This linear transforma-
tion is used to generate the acoustic features that represent
the distinctions among the phonemes. The features resulted
from this transformation are used in phoneme recognition
experiments. The best results achieved show about 2%
improvement in recognition accuracy compared to results
based on MFCC features.

I[. INTRODUCTION

The purpose of this work is to construct approximately
independent basis for the speech signal. Starting from
early researchers of audio perception, like Helmholtz [1],
it was observed that the environment that we live in has
been a major shaping factor to the development of our
perception. Within a decade of the development of infor-
mation theory by Shannon [2], its concepts were used to
express the perceptual processes. Attneave observed that
perceptually important information on natural images are
the edges of objects in the image [3]. Barlow explored a
possible structure of our neural system to perform such op-
timizations [4]. He suggested that the sensory mechanism
performs sparse or factorial coding [5], [6]. Sparse coding
is the decomposition of the signal that results in compres-
sion of signal energy into the smallest possible number of
coefficients, and factorial coding is the decomposition that
strives for the coefficients that are as mutually independent
as possible. Bell and Sejnowski used modern information
theory optimization algorithms to sparsely analyze natural
images [7], [8]. They developed an algorithm for sepa-
rating the statistically independent components of a data
set through unsupervised learning. The algorithm belongs
to the independent component analysis algorithms. These
algorithms can be considered as a generalization of the
principal component algorithm in order to separate the
higher-order dependencies in the input, in addition to the
second-order dependencies. Independent component anal-
ysis has an inherent assumption that the independent com-
ponents are combined linearly, and hence can be separated
by linear transformation.

Physically all sounds including the speech signal are a se-
ries of pressure changes in the medium between the sound
source and the listener. The objective of signal analysis is
to produce a parameterization of the speech signal suitable
for automatic speech recognition or coding. Speech analy-
sis for recognition aims at separating information relevant
for the recognition task from irrelevant information (e.g.
speaker or channel characteristics), reducing the amount
of data that is presented to the speech recognizer, and sat-
isfying the constraints imposed by the speech recognizer
on the speech representation.

Speech data can be parameterized in many different
ways. The two main approaches are some type of coding —
usually linear prediction— of the time domain, and direct
sampling of domains other than the time domain, usually
the frequency or cepstral domains. Irino and Kawahari
noted that the function of the basilar membrane is simi-
lar to a wavelet transform of the signal, and developed a
special class of wavelets known as the ”auditory wavelet
transform” based on the impulse response of the cochlea
at 1400 Hz [9]. In all of these approaches, the input speech
samples are windowed and the resulting speech segments
termed frames. The data analysis is then executed on each
frame, which corresponds to single observations with re-
gard to a hidden Markov model (HMM).

In many coding schemes, such as filter bank data
obtained by sampling the short-time Fourier spectrum
(STFS) nearby frequencies within the same observation
are also highly correlated, inconsistent with using a di-
agonal covariance matrix to model conditional PDFs in
HMM recognizers. To remove some of this correlation, cep-
stral coefficients can be used instead of straight filter bank
data. The cepstrum is obtained by taking the discrete co-
sine transform (DCT) of the log of the Fourier transform
of the data. The DCT approximates a Karhunen-Loeve
transform for a Gaussian-Markov random process. This
eliminates some of the correlation between the individual
parameters of a single observation frame, fitting the data
more closely to the diagonal covariance assumption.

No matter what analysis method is used, the speech data
is highly correlated between adjacent frames. To account
for this correlation in the context of an HMM and its as-
sumption of independence between observations, first, and
sometimes higher-order derivatives, are often included in
the speech parameterization. Experiments have also been
done where the parameters of the previous frame are in-
cluded in the current frame, also trying to account for the
correlation between adjacent vectors [10]. These types of
additions have been shown to give improved recognition
over baseline models, possibly indicating a better match
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between the speech data and the HMM assumption. How-
ever, this improved performance comes at the expense of
violating the diagonal covariance assumption by using fea-
tures that are explicit functions of other features in the
same feature vector.

Representing the speech signal in terms of independent
components will result in a better satisfaction of the di-
agonal covariance assumption, a common assumption in
practical Gaussian mixture HMMs. The Gaussian mix-
ture HMM is the most successful speech recognition model
up to now [11], [12], but using the full covariance matrix
is impractical due to the high dimensionality of the feature
vector.

The diagonal covariance mixture of Gaussians proba-
bilistic model of the speech signal is the correct model only
if conditionally independent components of speech are used
as the input features of the recognizer. The conditioning
is on the state level in case of using a single Gaussian for
each state, and on the Gaussian component level in the
case of a mixture Gaussians model. A mixture of diagonal
covariance Gaussians is able to represent some correlation
among the measurement dimensions, but the flexibility of
a mixture Gaussian model is limited by the number of mix-
tures.

In this work, independent component analysis (ICA) is
used to extract the independent components of speech sig-
nal. We argue that these components will be better ap-
proximated by diagonal covariance Gaussian mixture mod-
els than the acoustic features currently used in speech
recognition.

In this work, we introduce a generalization of the in-
dependent component analysis approach. We describe an
algorithm that separates components that are non-linearly
combined together. Our algorithm does not have the limi-
tation of most independent component analysis algorithms
that prior information about the component probability
density functions has to be known. Due to the symplectic
property of the transformation, the output components are
the maximum likelihood solution of the problem of finding
the deterministic transformation of the input data to com-
ponents that are modeled by a given joint PDF model that
assumes independence of these components. We apply our
nonlinear ICA approach to the speech signal. In this ap-
plication, a best basis of the speech signal is selected by
finding its independent components. We test using the
coefficients generated by our algorithm in recognition on
the TIMIT speech database. This application of ICA is
an attempt to design a flexible signal processing technique
tailored for the speech signal that competes with the cur-
rent popular time-frequency analysis techniques. It pro-
vides basis signals that are learned from the training data
directly. This approach to speech signal analysis may de-
crease the gap between the properties of the speech signal
representation and the assumptions made about it in prob-
abilistic models of speech used in recognition systems like
hidden Markov model (HMM) [13] [14].

The organization of this paper is as follows. Section 2
discusses principal component analysis and its extension to

independent component analysis. In section 3, our inde-
pendent factor analysis approach based on nonlinear sym-
plectic transformation is described. The application of this
transformation to the speech signal is illustrated in section
4. In section 5, experiments on phoneme recognition us-
ing the TIMIT speech database are presented. Finally, the
conclusion and future work are described in section 6. In
this paper, a subscript is used as an index of a component
of a random vector, and a superscript is used as an index
of a realization of the random vector. Capital letters are
used to denote the random variables and the corresponding
small letters to denote their realizations.

II. COMPONENT ANALYSIS

The first stage in many pattern recognition and coding
tasks is to generate a good set of features from the ob-
served data. The set should be compact and capture all
class discriminating information in case of recognition and
all information needed to reconstruct the observed data
with sufficient quality in case of coding. Features that con-
tain little or no information should be avoided since they
increase the computational load and the storage and trans-
mission requirements without improving the performance.
One of the powerful techniques for extracting structure
from high-dimensional data is principal component analy-
sis.

A. Principal Component Analysis

Principal component analysis, and the closely related
Karhunen-Loéve transform are classic techniques in statis-
tical data analysis, feature extraction, and data compres-
sion [15]. Given a random vector X and a number of
observations from this random vector, no explicit assump-
tions on the probability density of the vectors are made
in PCA, as long as the first- and second-order statistics
can be estimated from the observed data. Also, no gen-
erative model is assumed for the vector X, but there are
extensions to PCA like probabilistic principal component
analysis (PPCA) [16] that associate a generative model
with PCA. In the PCA transform, the vector x of length n
is first centered by subtracting its mean. Next, x is linearly
transformed to another vector y with m elements, m < n,
so that the redundancy induced by correlation is removed.
This is done by finding a rotated orthogonal coordinate
system such that the elements of x in the new coordinates
become uncorrelated. The vector is projected in this new
coordinate system to the subspace consisting of the direc-
tions along which the vector has maximum variance. The
transform is constructed from the eigenvectors of the sam-
ple covariance matrix with maximum corresponding eigen-
values. This transform is the unique unitary transform
of dimension m such that the elements of y are uncorre-
lated and the variance of y is maximized. PCA is a linear
technique, so computing y from z is not computationally
expensive, which makes real-time processing possible.

Since there are many sources of variability in speech fea-
tures and some of them are irrelevant to linguistic infor-
mation, selecting the direction of maximum variance for



projection does not always minimize the recognition er-
ror [17]. In order to maximize linguistic relevance, many
speech recognizers use linear discriminant analysis (LDA)
instead of PCA. LDA calculates the principal components
of the Fisher covariance matrix of the classes corresponding
to the speech units [18], [19],

Swy = W'B, (1)
where W is within-class scatter, and B is the between-class
scatter [15].

LDA tries to improve the linear separability of the classes
by finding the linear transform that maximizes the ra-
tio of the determinant of between-class covariance and
the determinant of the average within-class covariance
[15]. Given a set of N independent observation vectors
{z'}<i<n, 2’ € R", each of them belongs to only one class
j€l,---,J. Let each class j be characterized by its mean
4, covariance matrix X;, and observation count N;. The
within-class scatter is given by

J
1
W=+ > N;%, (2)
i=1
and the between-class scatter is given by

J
1 T T
B == > Nijuin) — pu’, (3)

j=1

where g is the global mean of the observations. The goal
of LDA is to find a linear transformation characterized by
the matrix # such that

_|oBo7|

J(0) = W,

(4)

is maximized. Maximization of Equation 4 can be formu-
lated as PCA of Fisher covariance matrix or as a maxi-
mum likelihood estimation problem [20]. In [18], using
PCA analysis had no effect on the phoneme classification
accuracy on OGI numbers database. LDA improved the
phoneme classification on the same task by 0.7%.

LDA assumes that all the within-class covariance ma-
trices are approximately the same. This makes it inap-
propriate for problems like speech recognition, in which
the classes have unequal within-class covariance matrices.
Heteroscedastic LDA (HLDA) is an extension to LDA that
removes this constraint [20]. In HLDA, the objective func-
tion to be maximized is

0BT |

JO) = ————M .
“ T, 16,67

(5)

This maximization can be formulated as a maximum likeli-
hood estimation problem for normal populations with com-
mon covariance matrix in the rejected subspace. An alter-
native interpretation of HLDA as a constrained maximum
likelihood projection for a full-covariance Gaussian model

is introduced in [21] and called heteroscedastic discrimi-
nant analysis (HDA). A maximum likelihood linear trans-
form (MLLT) which turns out to be special case of HLDA
when the input and output dimensions are the same was
introduced in [22]. In [21], HDA made no improvement
in word recognition, but made a significant improvement
when used in combination with MLLT. The non-linear
independent component analysis introduced here can be
shown to be a generalization of the MLLT to non-linear
transforms. This is due to the fact that the empirical es-
timate of the objective function to be minimized in our
work is actually the negative of the empirical estimate of
the likelihood in MLLT approach. As the problem is for-
mulated, we will show the equivalence of minimizing the
mutual information of the output components and maxi-
mizing the likelihood of the outputs.

B. Independent Component Analysis

ICA defines a generative model for the observed multi-
variate data [23], [24]. This data is typically given as a
large database of samples. In the model, the data variables
are assumed to be linear mixtures of some unknown latent
variables, and the mixing system is also unknown. The
latent variables are assumed non Gaussian and mutually
independent, and they are called the independent compo-
nents of the observed data. These independent compo-
nents, also called sources or factors, can be found by ICA.

The goal of ICA is to estimate the independent sources
and the mixing coefficients given only observations that
are a linear mixture of the latent independent source sig-
nals. In contrast to PCA, ICA not only decorrelates the
sources but also reduces higher-order statistical dependen-
cies, attempting to make the components as independent
as possible.

The data analyzed by ICA could originate from many
different kinds of application fields, including digital im-
ages and document databases, as well as economic indica-
tors and psychometric measurements. In many cases, the
measurements are given as a set of parallel signals or time
series; the term blind source separation is used to char-
acterize this problem. Typical examples are mixtures of
simultaneous speech signals that have been picked up by
several microphones, brain waves recorded by multiple sen-
sors, interfering radio signals arriving at a mobile phone, or
parallel time series obtained from some industrial process.

The goal of ICA algorithms is to find the linear trans-
formation W of the dependent observation vector X that
makes the outputs as statistically independent as possi-
ble. This means to minimize the mutual information of
the output vector Y, since

I(Y) >0,

with equality if and only if the output vector components
are statistically independent.

There are many approaches to solving the ICA prob-
lem, including the information maximization approach,
Maximum likelihood estimation, Negentropy maximiza-
tion, Higher-order moments and cumulants approxima-
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tions of differential entropy, and nonlinear PCA. In [25],
it is shown that all these different approaches lead to the
same iterative learning algorithm.

ICA has been used in speech recognition applications
when there is a background auditory source other than
the speaker, [26], [27]. It was used also in developing fea-
tures for speaker recognition [28], and speech recognition
[29], [30], [31]. Factor analysis also was used to model
the covariance matrix of the Gaussian mixtures of HMM
recognizers in [32].

III. NONLINEAR INDEPENDENT COMPONENT ANALYSIS

As stated in the previous section, ICA algorithms as-
sume that the components are mixed linearly to generate
the observation data. However, in many interesting ap-
plications, this assumption is unjustified or unacceptable.
An example is the time-domain speech signal that has some
components that are additively combined like voicing, as-
piration, and frication sources and others are nonlinearly
combined together like excitation source and vocal tract fil-
ter information that are convolutionally combined. In the
cepstral domain, coarticulation effects and additive noise
are examples of independent sources in the speech signal
that are nonlinearly combined with the information about
the vocal tract shape that is important for recognition.
The source-filter model proposes that the excitation sig-
nal and the vocal tract filter are linearly combined in the
cepstral domain, but the source-filter model is unrealistic
in many cases, especially for consonants. Time-varying fil-
ters and filter-dependent sources result in nonlinear source-
filter combination in the cepstral domain [33].

In this paper, an extension of the ICA algorithms to non-
linearly mixed sources is introduced. Our goal now is to
find the mixing functions and the independent components
given the observations. Since the components are statisti-
cally independent, we have to find the solution that min-
imizes the mutual information of the output components,
I(Y) [34]. However, to have a well-defined optimization
problem, we need some restrictions on the nonlinear func-
tion or a criterion that the solution should optimize.

A. Problem Formulation

The mutual information is a function of the output dif-
ferential entropy,

1) = 3 H(Y) - HY), ©

where n is the number of components of the output vector,
and Y; is the ith component of the vector Y.

For a continuous random vector Y € R™, the mutual
information is invariant to scaling but differential entropy
is sensitive to it. To avoid this scale-sensitivity problem,
and the need of having an estimate of the joint probabil-
ity density function to calculate the differential entropy
of the output vector, we choose to keep the output dif-
ferential entropy equal to the input differential entropy,

H(Y) = H(X), while minimizing )" | H(Y;) to minimize
the mutual information of the output vector.

It will be shown also that this choice leads to minimizing
the negative of the empirical function used in maximizing
the likelihood of the output vectors. This means that this
approach produces a maximum likelihood transform under
the constraint of the output components independence.

The relation between the output differential entropy and
the input differential entropy is in general [35],

H(Y) < H(X)+/np(m) In <det (aggp@)) dz, (7)

where P(z) is the probability density function of the ran-
dom vector X, for an arbitrary transformation, y = f(z),
of the random vector X in R", with equality if f(z) is in-
vertible. For the input and output differential entropy to
be equal, f(z) must be invertible, and

i (%) =1 ®

Equation 8 is satisfied by any volume-preserving map.
Symplectic maps are a class of volume-preserving maps
with useful properties [36]. An interesting property of
any non-reflecting symplectic transformation from z to y,
is that it can be represented using a scalar function g(.)
such that [37],

)
— _ 71 = .
y=z-J" o (u); 9)
u_:r+y
=5
0 —I
=13
J=-J! (10)

where I denotes the identity matrix in /2. The gradient
is to be taken with respect to the argument u. Now the
nonlinear ICA problem can be formulated as the problem
of finding the function g(u) that minimizes ) ., H(Y;)
under the constraint that H(Y) = H(X) guaranteed by
the symplectic map. The minimum of this sum , H(X), is
independent of the symplectic map parameters, as for any
random vector Y,

S HY) > HY). (11)

We use a multi-layer feed-forward neural network to get
a good approximation of the scalar function g(u) [38].

The parameters of this network are optimized to minimize
i, H(Y;) under the constraint H(Y) = H(X).

W = arg min ZH(Y})

i=1



where
W = (4,B),

(13)

M
g(u, A, B) Z

where S(.) is a nonlinear function like sigmoid or hyper-
bolic tangent, a; is the jth row of the M x n matrix A, and
b; is the jth element of the M x 1 vector B. The constant
offset term that is usually used was omitted to have a zero
input zero output map.

B. Efficient Estimation of The Objective Function

The objective function to be minimized is

= ZH(Y»

The differential entropy of a random variable is by def-
inition the negative of the expectation of the logarithm of
its probability density function

(14)

H(E):_E[IOgP(E)]) fOI‘i:]_,2,--- y 1 (15)

Since we do not have the true probability density func-
tion of the random variable Y;, and all we can calcu-
late is a finite set of realizations of this random variable
{yk,y2,-- ,yN} of size N, the expectation will be approx-
imated by the sample mean of the given values of the ran-
dom vector. This is justified by the weak law of large
numbers which states that if the set {y',y% -+ ,y"N} are

independent and identically distributed then [35]

N
1 )
N E y" — E[Y], in probability as N — oo.

(16)

This gives the empirical estimate of the objective func-
tion as

Vemp = (17)

ZZlogP

i=1 j=1

=),

where IV is the number of samples used to estimate Veyy.
Again, we do not have the true probability density func-
tions of each component, therefore we use a maximum like-
lihood parameterized estimate of these probability density
functions.

This gives the final form of the empirical estimate of the
objective function as

emp - ZZIOgPA - y]) (18)
i=1 j=1
where Py, (Y}) is the parameterized estimate of P(Y;) de-

fined by the parameters A; for j =1,2, -
Minimizing this expression is equivalent to maximizing
the estimated log likelihood of the output vectors, under

the assumption that the features are independent. This
means that this approach can be considered as a general-
ization of maximum likelihood approaches to ICA to the
nonlinear mixing case. Maximum likelihood approaches
to ICA are closely related to the MLLT introduced in
[22]. The difference is mainly in replacing the output co-
efficients’ independence constraint of ICA by the diagonal
covariance constraint of MLLT.

To calculate the gradient of the objective function with
respect to the symplectic transformation parameters, we
need to calculate its derivative with respect to each pa-
rameter. In general,

WVermp 6PA = yj) 9y;
Oagr ; ; dagr
(logPA.(Y' = y~) + 1) |yj:y;'., (19)
WVemp OPy;(Y; = y;) ay]
b, ; 32:1 9y; b,
(log Py, (Y; = yj) + 1) ly,; —yis (20)
for
q=1,2,---, M,
and
r=1,2,---,n
0y; . 629(“)
= —h(j)——~L—, 21
8(lqr (J) 8U'j+h(j) % 8(lqr ( )
0y; . a2g(u)
= = —h(j)m—————, 22
0b, (J)auﬁhu)%abq .
L -1 ifj>2
hii) = { 1 ifj<

This formulation of the symplectic parameters evalua-
tion as a minimization problem is ill-posed, as very small
changes in the values of the parameters may lead to dras-
tic changes in the objective function. The instability of the
solution arises from the fact that the output is related to
the input using an implicit form. Once the instability for a
given set of data samples causes the absolute value of the
symplectic parameters to be large, the output of the feed-
forward network saturates and becomes less dependent on
the values of the symplectic parameters. This means that
the algorithm will not converge and the effect of any addi-
tional input data sets will be minimal on the final values
of the symplectic parameters. To make the problem well
posed, the map from X to Y should be continuous,and
the map from X X Y to g(.) should be continous also. If
Y was represented as an explicit function of X using the
feed forward neural network, the continuity of both maps
will be forced by this representation. But due to the im-
plicit function representation of the symplectic map, the
value of y for a given z is estimated by an optimization
problem and the map is no longer guaranteed to be con-
tinuous. The problem becomes well-posed by restricting



Omar and Johnson, “Approximately Independent Factors of Speech...

the set from which g(u) is chosen to some compact set G.
One can show by virtue of the operator inversion lemma
[39], that in this case the problem of empirical risk min-
imization becomes well posed. One can show also that if
g(u) is sufficiently well-behaved, i.e, has a finite covering
number, the empirical objective function will converge to
the actual objective function for increasing sample size N,
ie.
Pr <sup Vgl = Vemplgll > e) -0 (23)
geG
for N > ooand e >0

Vapnik and Chervonenkis show that such a condition
is necessary and sufficient to give uniform convergence
bounds [40]. Classical regularization theory provides a
solution to this type of problem in which a function is to
be approximated from sparse data [41]. It formulates the
regression problem as a variational problem of finding the
function g(u) € G that minimizes the functional

N
Z V(-»zmp(miayiag) + A”g”%()

i=1

1

N (24)
where ||g||% is a norm in a reproducing Kernel Hilbert
Space G defined by the positive definite function K, N is
the number of data samples. The functionals of classical
regularization lacked a rigorous justification for a finite set
of training data. Vapnik has provided a general theory
that justifies regularization functionals for learning from a
finite set of data [42]. In the framework of structural risk
minimization (SRM) suggested by Vapnik, [42], [43], we
can define a structure using a nested sequence of hypothesis
spaces G1 C G2 C --- C Gy with G, being the set
of functions g(u) in the reproducing kernel Hilbert space
(RKHS) with

l9llk < Ch, (25)
where C,, is a monotonically increasing sequence of posi-
tive constants. For each m, we are supposed to minimize
the empirical objective function subject to this constraint.
This in turn leads to using the Lagrange multiplier \,, and
to minimizing

N
1
N Z ‘/emp(mi:yiag) + Am(Hg“%( - Cfn):

=1

with respect to the symplectic parameters and maximizing
with respect to A, > 0. The solution of this optimization
problem is the same as the solution for minimizing

M=

1 *
N ‘/emp(xi)yi:g)+>‘ (N)(HQH%(_C%L):
i=1

with respect to the symplectic maps, where A*(V) is the
optimal Lagrange multiplier corresponding to the optimal
element of the structure Cp« ().

In practice this structure is formulated by imposing a
convex penalty term on some quantity, Q(g), related to
g(u) which is not necessarily the norm of the function in
the reproducing kernel Hilbert space [44]. This functional
has to be convex and continuous. The value of \*(NV) is
usually chosen from a finite set of possible values or set to
a constant value.

In this work, we used the square of the 5 norm of the
symplectic parameters vector, W = (4, B),

m
W15 = fwil?, (26)
i=1

where w; is the ith element of the vector W, and m is the
length of the vector, as the convex penalty and selected
the optimal Lagrange multiplier \* (V) from a finite set of
ten values. The value of Cj- () also was selected from a
finite set of four values.

IV. IMPLEMENTATION OF THE ALGORITHM FOR
SPEECH PROCESSING

Initially both the values of the symplectic map param-
eters, W, and the output vectors, y, are unknown, so we
choose an initial value of the symplectic map parameters,
then we solve the symplectic map equation for the out-
put vectors. Given the output vectors corresponding to
the input data, we use the expectation maximization al-
gorithm to calculate the parameters of the probabilistic
model. Based on this model, the empirical objective func-
tion is estimated, and the symplectic map parameters are
updated using a conjugate gradient based method. This
sequence is repeated until a local minimum of the empirical
estimate of the objective function is achieved.

A. Estimation of The Output Vectors

To solve the symplectic transformation relation for the
output vector given the input vector and the symplectic
map parameters, the problem is formulated as an opti-
mization problem. The output of the symplectic mapping
is calculated using the conjugate gradient algorithm. The
conjugate gradient algorithm [45], is used to calculate the
output vector y that achieves the unconstrained minimum
of

2
L{y) = Hy —z+J7'Vg (%”) H @

The updating rule at each iteration is
yk+1 — yk + Ckkdk. (28)

The directions of the conjugate gradient algorithm are gen-
erated by

& = —VLE), (20)
d* = —VL(y*) + ¢*d*, (30)
where (" is given by

"~ VLEFDTVLE)



The scaling factor, ¥, of the direction in each itera-
tion is selected based on hmlted minimization rule on the
interval [0, h)

Ly* +ofd*) = min L(y* + ad®), (32)
a€[0,h]

using the golden-section search method. The algorithm
is guaranteed to converge to a local minimum like all
gradient-based optimization algorithms; because L(y) is in
general not a convex function of y, convergence to a global
minimum is not guaranteed. In practice, for about 90% of
the input vectors, the algorithm converged in less than 5
iterations to a value of L(y) less than 0.0001. Before us-
ing the regularization term in the objective function, the
convergence of this algorithm was slow, and it sometimes
failed to converge, when the input data consisted of time-
domain speech samples.

The computational complexity of the algorithm for up-
dating the output vectors in each iteration is O((n + (n +
1)M)N), where n is the input vector length, M is the num-
ber of hidden nodes in the neural network, and N is the
number of input vectors.

B. FEvaluation of The Parameters of The Symplectic Map

After calculating the output vectors corresponding to
the initial map parameters, we use the conjugate gradient
algorithm to find the set of the mapping parameters that
minimize minimize the regularized objective function E,.

To be able to calculate the differential entropy of each
component of the output y and its gradient, we have to
define a parametric form of the PDF of the output com-
ponents. In our experiments, we used both the mixture
of Gaussians and the generalized Gaussian probabilistic
model for each component. The motivation of choosing
these specific forms is that both are general enough to ap-
proximate any PDF from the exponential family, while the
mixture of Gaussians is the better choice to approximate
a multi-modal PDF. The mixture of Gaussians is usually
used to model the conditional PDF of MFCC coefficients in
speech recognition that is known to be multi-modal [46],
while the generalized Gaussian is known to approximate
well the PDF of the time-domain speech samples that is
known to be unimodal [28]. In all experiments described in
this work, we used both parametric forms and reported the
one that gave the best results. The generalized Gaussian
PDF gave better results for direct time-domain processing
of the speech signal, while the mixture of Gaussians PDF
gave better results for cepstral-domain experiments.

The mixture Gaussian model is given by

oxry [ = Wi~ tik)?
ZH]k \/_UJk P ( 20_.]2‘]c ) ’ (33)

i; _

for all j =1,2,---,n, where Hj;, is the weight of the kth
Gaussian PDF in the mixture of Gaussians, K is the num-
ber of Gaussian PDF's in the mixture of Gaussians, pj, is
the mean of the kth Gaussian PDF in the mixture, and
0%, is the variance of the kth Gaussian PDF in the mix-
ture, and the generalized Gaussian probability distribution
model for each component is

2/(1+5;)
Ply) = (ff)exp[ o(y) | et ] (31)
for all j =1,2,---,n, where
I [3(1+5))]
6' = 2 ) 35
C( ]) F[%(l—l—ﬂj)]l/(prﬁ]) ( )
and
INE NEE:
() = — L2+ ) (36)
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p; is the mean of y;, 032- is the variance of y;, and 3 is a
measure of the kurtosis and a parameter that controls the
distribution’s deviation from normality. In the case of the
mixture Gaussian probabilistic model, the derivative of the
probability density function is

OP(y
ay]

(Y — Mjk) (y; — m)?
—H, _Mi T Pk
Z iy e (-

Ojk Ok

(37)

and in the case of the generalized Gaussian distribution
model, the derivative of the probability density function is

OP(y;) _

| Yi — Ky | 1+ﬁ
dy;

= ) g Y

T P(y;). (38)

The parameters of these probabilistic models are calculated
from the output data using the expectation-maximization
(EM) algorithm [47]. We used the hyperbolic tangent
function as the nonlinear function in the feed forward neu-
ral network approximation of the scalar function that is
used in the symplectic map,

e —e %

S = —. 39
() = S (39)
Therefore, the derivatives of the output components

with respect to the symplectic map parameters become

291~ ) 3
if r +h(j)5
63213' _ s (40)
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Substituting the derivatives of the output components
with respect to the symplectic map parameters and the
derivatives of the probability density function with respect
to the output components for both parametric PDF forms
in Equations 19, 20, 21, and 22, we get the derivatives of
the empirical objective function with respect to the sym-
plectic parameters. Adding to these derivatives, the deriva-
tives of the regularization term, we get the derivatives of
the regularized objective function with respect to the sym-
plectic parameters. Given these derivatives, we can use
any gradient-based algorithm to update the values of the
symplectic parameters. We chose the conjugate gradient
algorithm due to its fast convergence compared to other
gradient based methods. The computational complexity
of the algorithm for updating the symplectic parameters
in each iteration is O((3nK + (n+ 1)M +n*M)N), where
n is the input vector length, M is the number of hidden
nodes in the neural network, K is the number of Gaussian
components in the mixture, and K = 1 for generalized
Gaussian PDF, and N is the number of input vectors.

In the next section, we will provide experiments that
used these implementations with the mixture of Gaussians
and generalized Gaussian probabilistic models.

V. EXPERIMENTS AND RESULTS

Our approach to nonlinear ICA was applied to the
speech signal. First, it was applied to the speech samples
directly in the time domain, and then it was applied to the
MFCC coefficients in the Cepstrum domain. The time do-
main processing of speech has applications in speech cod-
ing, prosody recognition, and speaker recognition, while
processing of MFCC can be used in speech recognition.

In the direct time domain processing, the TIMIT speech
database, with sampling rate at 16 KHZ, is downsampled
to 8 KHZ and preemphasized. Each utterance of speech
is divided to fixed-size frames of length 20 samples. Then
1000 of these frames are used at a time to update the values
of the parameters of the symplectic transformation and
the marginal probability density functions of the output
components.

In the cepstral domain processing, the Mel-frequency
Cepstrum Coeflicients are calculated for 4500 utterances
from the TIMIT database. The overall feature vector con-
sists of 12 MFCC coefficients in the first two experiments
in cepstral domain. The last experiment uses 12 MFCC
coefficients, energy and their deltas. In both cases, this
MFCC based feature vector is used as the input to our
symplectic non-linear independent component analysis.

In each iteration, the output components are calculated
using the current symplectic transformation parameters by
using the symplectic mapping equation, then the maxi-
mum likelihood estimates of the marginal probability den-
sity functions of the output components are calculated us-
ing the EM algorithm. Then, the sum of the differential
entropy of the output components is calculated and its
gradient and the symplectic mapping parameters are up-
dated such that this sum is minimized. After the iterative
algorithm converges to a set of locally optimal symplec-

tic parameters, the training data are transformed by the
symplectic map yielding corresponding output coefficients.
The output coefficients are compared to LPCC and MFCC
coefficients in their coding efficiency, and to LDA, linear
ICA, and MLLT in their recognition accuracy.

A. Coding Efficiency And Sparseness Of Output Coeffi-
cients

Coding efficiency of acoustic features that are used in
speech recognition is receiving much more attention re-
cently. This is due to the growing interest in distributed
speech recognition systems especially over limited band-
width networks like wireless networks. We used the empir-
ical estimate of the differential entropy, Vemp, as a measure
of the number of bits required to code each coefficient. Ta-
ble I compares the empirical estimate of the differential
entropy of the coefficients obtained using nonlinear ICA
algorithm in the time domain and the cepstral domain to
the empirical estimate of the differential entropy of MFCC
and LPCC coefficients. The table shows that coefficients
that are generated by nonlinear ICA can be more efficiently
coded than MFCC and LPCC coefficients.

Another important feature of the output coefficients that
are generated by non-linear ICA is the sparseness of the
output feature set. Sparseness is related to reducing the re-
dundancy in the representation of the input signal. Given
a dictionary of basis functions Si(u),S2(u), -, Sm(u),
sparse approximation techniques seek an approximation of
a function g(u) as a linear combination of the smallest
number of elements of the dictionary, that is, an approxi-
mation of the form:

fulw) = Y wySy(w), (42)

with the smallest number of non-zero coeflicients w, [48].
The problem can be formulated as minimizing the following
cost function

E[w] = D(g(u), Yy wySq(w)) +ellwlles,  (43)

where D is a cost measuring the distance in some pre-
defined norm between the true function, g(u), and our ap-
proximation, the £, norm of a vector counts the number of
elements of that vector which are different from zero, and
€ is a parameter that controls the trade off between the
sparseness and the goodness of the approximation. Unfor-
tunately, it can be shown that minimizing this cost func-
tion is NP-hard because of the £y norm. Therefore, the £
norm is usually approximated by some other kind of norm
like the ¢5 norm.

In our work, we choose g(u) to be the scalar function
in the symplectic mapping that generates the independent
components of the input data, and D is taken as the sum
of the differential entropy of these output components. We
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choose also to use the /> norm. Comparing this optimiza-
tion problem with the one we adopted in our algorithm,
we find that they are identical and therefore our algorithm
is expected to provide a relatively sparse representation of
the scalar function g(u). A sparse representation of g(u)
does not necessarily imply a sparse representation of the
speech signal itself, but the two types of sparseness are
related. To evaluate the sparseness of the signal represen-
tation using nonlinear ICA, we compare the output coeffi-
cients with coefficients of other transforms (MFCC, LPCC)
by computing a measure of the sparseness of the feature
vector itself.
One of the important measures of the sparseness of the
output components is the kurtosis measure defined by
K(X) = E[(X — )" /03] = 3, (44)
where p, is the mean of the random variable X, and o2
is its variance. Kurtosis is proportional to the peakiness
of the probability density function of the random variable
[49]. The average value of the parameter § of the general-
ized Gaussian probabilistic model can be used as a measure
of the average kurtosis of the output components. In fig-
ure 1, the average value of the parameter 5 for the output
coefficients that result from processing the time-domain
samples of speech is shown as a function of the number of
iterations of the algorithm. In figure 2, the average value
of the parameter 5 when the speech signal is processed in
the cepstral domain is shown as a function of the number
of the iterations of the algorithm. The figures show that
the nonlinear ICA algorithm tends to converge to output
components with high kurtosis and therefore to increase
the sparseness of the output coefficients. The figures also
show that the nonlinear ICA algorithm with cepstral in-
puts tends to converge to output components with kurtosis
higher than those obtained from nonlinear ICA in the time
domain.

Change in B As A Function Of Number of Iterations for ICA in Time Domain
o e e e e A S

6.5 1

Value of B

550 . 4

45
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Number of Iterations

Fig. 1. The Value of § Versus Number of Iterations of Nonlinear
ICA In Time Domain

Value of § As A Function Of Number Of Iterations of ICA In Cepstral Domain

75

Value of B
o
o

55

5
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
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Fig. 2. The Value of 8 Versus Number of Iterations of Nonlinear
ICA In Cepstral Domain

B. Recognition Accuracy Of Output Coefficients

There are many sources of variability in the speech sig-
nal, including linguistic information content, but also in-
cluding speakers with different dialects and speaking styles,
and environmental noise. Most acoustic features that
have been successful in speech recognition try to model
the speech signal as the convolution of the excitation sig-
nal and the vocal tract transfer function, and try to ex-
tract the vocal tract transfer function characteristics by
linear predictive coding or homomorphic signal process-
ing [50]. If linguistic and nonlinguistic information in
the speech signal are independently distributed, nonlin-
ear ICA is capable in principle of learning a mapping that
approximately separates them, without the use of an ex-
plicit convolutional speech production model. In order to
evaluate the success of nonlinear ICA in finding such a
mapping, we performed many speech recognition experi-
ments on the TIMIT database. The phoneme recognition
accuracy achieved on TIMIT using the SUMMIT segment-
based system with different features for different segments
and boundaries was 75.6% and reported in [51]. The
HMM speech recognizer in [52] used 12 MFCC coeffi-
cients, energy and their deltas as the acoustic features
vector. It achieved a 73.7% phoneme recognition accu-
racy on TIMIT. While in [53], the phoneme recognition
accuracy for the context-dependent models was 73.8% on
TIMIT. A segment-based recognizer that was tested on
TIMIT achieved a phoneme recognition accuracy of 69.5%
in [54]. A speech recognizer based on recurrent net-
works achieved phoneme recognition accuracy of 73.4% on
TIMIT in [55]. The results reported in this work like
all previous results are recognition results that do not use
the time alignments provided with the test data. On the
other hand, phoneme classification experiments that use
this time-alignment data can get classification results on
TIMIT up to 81.7% as reported in [51] using heteroge-
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neous measurements.

In our experiments, the 61 phonemes defined in the
TIMIT database are mapped to 48 phoneme labels for each
frame of speech as described in [53]. These 48 phonemes
are collapsed to 39 phoneme for testing purposes as in
[53]. A three-state left-to-right model for each triphone
is trained using the EM algorithm. The number of mix-
tures per state was fixed to five. After training the overall
system and obtaining the symplectic map parameters, the
approximately independent output coefficients of the sym-
plectic map are used as the input acoustic features to a
Gaussian mixture hidden Markov model speech recognizer
[56]. The parameters of the recognizer are trained using
the training portion of the TIMIT database. The param-
eters of the triphone models are then tied together using
the same approach as in [57].

To compare the performance of the proposed algorithm
with other approaches, we generated acoustic features us-
ing LDA, linear ICA, and MLLT. We used the maximum
likelihood approach to LDA [20] and kept the dimensions
of the output of LDA the same as the input. We used
also the maximum likelihood approach to linear ICA as de-
scribed in [25] and briefly overviewed in section 2. Finally
we implemented MLLT as described in [22] and briefly
overviewed in section 2. All these techniques used a fea-
ture vector that consists of twelve MFCC coefficients, the
energy, and their deltas as their input.

Testing this recognizer, using the test data in the TIMIT
database, we get the phoneme recognition results in table
II. These results are obtained by using a bigram phoneme
language model and by keeping the insertion error around
10% as in [53]. The table compares these recognition
results to the ones obtained by MFCC, LDA, linear ICA
and MLLT.

It is clear that searching for the independent components
of the speech signal can not separate information in the
speech signal due to linguistic variations from information
due to other variations in the time domain.

To improve the phoneme recognition accuracy in the
time domain, we used a linear map that maximizes an
empirical estimate of the mutual information between the
phoneme identities and the output coefficients [58]. These
linear maps were used on each component separately and
therefore preserved the approximate independence prop-
erty of the components generated by the nonlinear sym-
plectic map. Using these features, generated by trying to
maximize the mutual information, we trained the previ-
ously described HMM recognizer. As shown in table II,
the phoneme recognition accuracy is improved by using
this linear map, but still it falls behind the phoneme recog-
nition accuracy achieved by MFCC acoustic features.

These results encouraged us to perform the nonlinear
independent component analysis on the MFCC coefficients
instead of the time-domain signal directly.

Three different kinds of experiments were done to test
the phoneme recognition results based on the nonlinear
ICA coefficients generated with MFCC inputs. First, the
twelve cepstrum coefficients were used as the input vector
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to the nonlinear component analysis algorithm, and the
energy was added to the output coefficients. The resultant
13-coefficient feature vector was used to train the HMM
recognizer. In the second experiment, we added the delta
of the output coefficients and the energy to the acoustic
vector that is used in the first experiment. The resultant
26-coefficient feature vectors were used to train the HMM
recognizer. Finally, we used the twelve cepstrum coeffi-
cients, the energy, and their deltas as the input to the
nonlinear independent component analysis algorithm, and
used the 26 output coefficients as the acoustic vector that
is used in phoneme recognition. As shown in table II,
the best results were achieved by using the cepstrum co-
efficients, the energy, and their deltas as the input to the
nonlinear symplectic map and using the output of the map
as the acoustic feature vector for the phoneme recognizer.

Comparing the phoneme recognition results of the sym-
plectic map in the cepstral domain to the results obtained
using the symplectic map on the time-domain data, we find
that the features obtained from the mapping of the MFCC
features outperform those obtained from the time-domain
data. Also, adding the delta coefficients to the MFCC co-
efficients increases the phoneme recognition accuracy by
about 7%. As shown in table II, the MLLT performed the
best among linear transforms with about 0.9% improve-
ment over the MFCC-based feature vector. Comparing
these results with the non-linear ICA algorithm in the cep-
stral domain, we find that non-linear ICA outperforms the
best linear approach by 1% using the same length of the
features vector.

TABLE I
AN ESTIMATE OF THE DIFFERENTIAL ENTROPY OF THE FEATURES
PER COEFFICIENT

| Acoustic Features

| Average Number of Bits |

ICA in Cepstral Domain 1.52
ICA in Time Domain 1.64
MFCC 1.77
LPCC 1.85

VI. DISCUSSION

In this work, we introduced a nonlinear symplectic in-
dependent component analysis algorithm. This algorithm
can provide the maximum likelihood transform of the fea-
tures under the independece constraint on the transformed
features. This algorithm was applied to the speech signal
in two different ways. First, it was applied to the time-
domain speech data and the output coefficients’ coding
efficiency and phoneme recognition accuracy were evalu-
ated. The coding efficiency was found to be improved by
this nonlinear mapping compared to MFCC, and LPCC
coefficients. Our objective function was compared to the
objective function of the sparse approximation approaches
and the proximity of the two solutions was highlighted.
However, the phoneme recognition accuracy based on these
coefficients was clearly less than that based on MFCC. This
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TABLE II
PHONEME RECOGNITION ACCURACY
Acoustic Features Recognition
Accuracy
MFCC 73.7%
Linear ICA 73.5%
LDA 73.8%
MLLT 74.6%
Non-Linear ICA 61.2%
(NICA) in Time Domain
NICA in Time Domain 64.4%
After MMI Mapping
NICA (Static MFCC) 68.7%
+Energy
NICA (Static MFCC) 71.2%
+ANICA +Energy+AEnergy
NICA (Static MFCC 75.6%
+Energy+ AMFCC+AEnergy)

means that blindly searching for the independent compo-
nents of speech is not enough to be able to extract infor-
mation correlated to the linguistic information contained
in the speech signal, and, in case of the speech signal, in-
dependence is not the best criterion to extract meaningful
components of the speech signal that are related to the ac-
tual sources of variations. This is, at least in part, because
linguistic and nonlinguistic information are not entirely in-
dependent.

Second, we applied our algorithm to the MFCC features
of the speech signal and its energy. Again, we compared the
coding efficiency of the output coefficients to MFCC and
LPCC coefficients, and the phoneme recognition accuracy
of the output coefficients to LDA, linear ICA, and MLLT.
In this case, the coding efficiency is improved also com-
pared to MFCC and LPCC coefficients and even compared
to non-linear ICA on time-domain data. Not only the cod-
ing efficiency but also the phoneme recognition accuracy
is improved compared to MFCC, LDA, linear ICA, and
MLLT. The best phoneme recognition accuracy is achieved
when the MFCC, energy and their deltas are used as input
to the nonlinear ICA algorithm. This can be attributed
to the ability of the algorithm to find a better represen-
tation of the acoustic clues of different phonemes when
provided with input features that have proved to be ef-
ficient in coding the acoustic information that is related
to phonemes. The improvement due to this different rep-
resentation over the input MFCC features that have the
same amount of information about phonemes, is due to
the approximate independence property of the new fea-
tures that allow a more efficient probabilistic modeling of
the conditional probabilities with the same model complex-
ity. We can conclude from these results that starting with
well-defined features for our goal, like MFCC for phoneme
recognition, our nonlinear independent component analy-
sis can provide us with a more sparse representation that
improves both the coding efficiency of the coefficients and

also the recognition accuracy. The work done here sup-
ports the idea that blind information-theoretic approaches
for signal analysis can not replace signal processing tech-
niques tailored for certain application, but it can improve
the performance and increase the efficiency if used to aug-
ment traditional signal processing techniques.
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