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ABSTRACT

This paper addresses the problem of representing the speech
signal using a set of features that are approximately statis-
tically independent. This statistical independence simpli-
fies building probabilistic models based on these features
that can be used in applications like speech recognition.
Since there is no evidence that the speech signal is a lin-
ear combination of separate factors or sources, we use a
more general non-linear transformation of the speech sig-
nal to achieve our approximately statistically independent
feature 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 transforma-
tion to the speech time-domain data directly and to the Mel-
frequency cepstrum coefficients (MFCC). The features re-
sulted from this transformation are used in phoneme recog-
nition experiments. The best results achieved show about
2% improvement in recognition accuracy compared to re-
sults based on MFCC festures.

1. INTRODUCTION

Speech signal analysisfor recognition aims at separating all
information relevant for the recognition task from irrelevant
information (e.g. speaker or channel characteristics) and at
reducing the amount of datathat is presented to the speech
recogni zer.

In many speech parameterization schemes, such as fil-
ter bank data obtained by sampling the short-time Fourier
spectrum (STFS) nearby frequencies within the same ob-
servation are also highly correlated, inconsistent with using
a diagonal covariance matrix to model conditional PDFs
in hidden Markov model (HMM) recognizers. To remove
some of this correlation, cepstral coefficients can be used
instead of straight filter bank data. The cepstrumis obtained
by taking the discrete Fourier transform (DCT) of the log of
the Fourier transform of the data. The DCT approximates a
Karhunen-L oévetransform for a Gaussian-Markov random
process. This eliminates some of the correlation between
the individual parameters of a single observation frame, fit-

ting the data more closely to the diagonal covariance as-
sumption.

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. These types of additions have
been shown to giveimproved recognition over baseline mod-
els. However, this improved performance comes at the ex-
pense of violating the diagonal covariance assumption by
using featuresthat are explicit functions of other featuresin
the same feature vector.

The diagonal covariance mixture of Gaussians proba-
bilistic model of the speech signal isthe correct model only
if conditionally independent components of speech are used
as the input features of the recognizer. The conditioningis
onthe statelevel in case of using asingle Gaussian for each
state, and on the Gaussian component level in the case of
a mixture Gaussians model. A mixture of diagona covari-
ance Gaussiansis able to represent some correlation among
the measurement dimensions, but the flexibility of amixture
Gaussian model is limited by the number of mixtures.

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 approx-
imated by diagonal covariance Gaussian mixture models
than the acoustic features currently used in speech recog-
nition. We describe an algorithm that separates compo-
nents that are non-linearly combined together. Our algo-
rithm does not have the limitation of most independent com-
ponent 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 components that are modeled by a given
joint PDF model that assumes independence of these com-
ponents. We test using the coefficients generated by our
agorithm in recognition on the TIMIT speech database.

The organization of thispaper isasfollows. In section 2,



our independent factor analysis approach based on nonlin-
ear symplectic transformation is described. The application
of this transformation to the speech signal is illustrated in
section 3. In section 4, experiments on phonemerecognition
using the TIMIT speech database are presented. Finaly, the
conclusion and future work are described in section 5. In
this paper, a subscript is used as an index of a component
of arandom vector, and a superscript is used as an index of
arealization of the random vector. Capital letters are used
to denote the random variables and the corresponding small
letters to denote their realizations.

2. NONLINEAR INDEPENDENT COMPONENT
ANALYSIS

ICA agorithms assume that the components are mixed lin-
early to generate the observation data [1]. However, in
many interesting applications, this assumptionis unjustified
or unacceptable. An example is the time-domain speech
signal that has some components that are additively com-
bined like voicing, aspiration, and frication sources and oth-
ersare nonlinearly combined together like excitation source
and vocal tract filter 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 thein-
formation about the vocal tract shape that is important for
recognition.

In this section, an extension of the ICA algorithms to
nonlinearly mixed sourcesisintroduced. Our goal now isto
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) [2]. However, to have a well-defined optimization
problem, we need some restrictions on the nonlinear func-
tion or acriterion that the solution should optimize.

2.1. Problem Formulation

The mutual information is afunction of the output differen-
tial entropy,

I(Y) = ZH(Y» —H(Y), (1)

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

For a continuous random vector Y € R", the mutual
informationisinvariant 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 probability den-
sity function to calculate the differential entropy of the out-
put vector, we choose to keep the output differential entropy

equal to the input differential entropy, H(Y) = H(X),
while minimizing 3", H(Y;) to minimize the mutual in-
formation of the output vector.

It will be shown also that this choiceleadsto 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 isin general [3],

HY) < H(X) +/n P(z)1n <det (%ﬁ”)» dz,
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where P(z) is the probability density function of the ran-
dom vector X, for an arbitrary transformation, y = f(x),
of the random vector X in ™, with equality if f(x) isin-
vertible. For the input and output differential entropy to be
equal, f(x) must beinvertible, and

i (%) =1 .
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Equation 3is satisfied by any volume-preserving map. Sym-
plectic maps are a class of volume-preserving maps with
useful properties [4]. An interesting property of any non-
reflecting symplectic transformation from x to y, is that it
can be represented using ascalar function g(.) suchthat [5],
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where I denotestheidentity matrix in R/2. Thegradientis
to be taken with respect to the argument u. Now the nonlin-
ear |CA problem can be formulated as the problem of find-
ing the function g(u) that minimizes - | H(Y;) under the
congtraint that H(Y) = H(X) guaranteed by the symplec-
tic map. The minimum of thissum, H(X), isindependent
of the symplectic map parameters, as for any random vector
Y,

_ZH(Y» > H(Y). (6)

We use a multi-layer feed-forward neural network to get a
good approximation of thescalar function g(u) [6]. The pa-

rametersof this network areoptimizedtominimize " | H(Y;)

under the constraint H(Y) = H(X).



W = arg min ; H(Y;) (7
where
W =(4,B),
g(u, A, B) X}Sa] (8)

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 A/ x 1 vector B. The constant
offset term that is usually used was omitted to have a zero
input zero output map.

2.2. Efficient Estimation of The Objective Function

The objective function to be minimizedis

Y H(Y:). ©)
i=1

The differential entropy of arandom variableis by defi-
nition the negative of the expectation of the logarithm of its
probability density function

H(Y;) = —E[log P(Y;)], fori =1,2,--- ,n.  (10)

Since we do not have the true probability density func-
tion of the random variable Y;, and all we can calculateis a

finite set of realizationsof thisrandomvariable {y},y?,--- ,yN}

of size N, the expectation will be approximated by the sam-
ple mean of the given values of the random vector.

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

emp = - Z Z IOgP = yg (11)

i=1 j=1

where N is the number of samples used to estimate V.
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.

Thisgivesthefinal form of the empirical estimate of the
objective function as

Vemp = —ZZlogPA

i=1 j=1

=y, (12

where Py ; (Y;) is the parameterized estimate of P(Y;) de-
fined by the parameters A ; for j = 1,2,--- ,n

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 generalization of
maximum likelihood approaches to ICA to the nonlinear
mixing case. Maximum likelihood approachesto ICA are
closely related to the MLLT introduced in [7]. The dif-
ference is mainly in replacing the output coefficients' in-
dependence 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 parameter. In
genera,
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3. IMPLEMENTATION OF THE ALGORITHM FOR
SPEECH PROCESSING

Initially both the values of the symplectic map parameters,
W, and the output vectors, ¥, are unknown, so we choose
an initial value of the symplectic map parameters, then we
solve the symplectic map equation for the output vectors.
Given the output vectors corresponding to the input data,
we use the expectation maximization algorithm to calculate
the parameters of the probabilistic model. Based on this
model, theempirical objectivefunctionis 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.



3.1. Estimation of The Output Vectors

To solve the symplectic transformation relation for the out-
put vector given the input vector and the symplectic map
parameters, the problem is formulated as an optimization
problem. The output of the symplectic mapping is calcu-
lated using the conjugate gradient algorithm. The output
vector y isthe onethat achievesthe unconstrained minimum
of

2
Lly) = Hy—“le(‘”;y)H. (17)

The updating rule at each iteration is
y* =yt +ald. (18)

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

&P = -VL@Y), (19)

d* = VL") +*d (20)
where ¢* is given by
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The scaling factor, o*, of the direction in each iteration
is selected based on limited minimization rule on the inter-
val [0, h]

L(y* +a*d*) = min Ly* +ad’), (22

a€[0,h]

using the golden-section search method. The algorithm
isguaranteedto convergeto alocal minimumlikeall gradient-
based optimization algorithms; because L(y) is in genera
not a convex function of y, convergence to a global mini-
mum is not guaranteed. In practice, for about 90% of the
input vectors, the algorithm converged in less than 5 itera-
tionsto avalue of L(y) lessthan 0.0001.

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

3.2. Evaluation of The Parameters of The Symplectic
Map

After calculating the output vectors corresponding to the
initial map parameters, we use the conjugate gradient a-
gorithm to find the set of the mapping parameters that min-
imize minimize the regul arized objective function £ ;.

To be able to calculate the differential entropy of each
component of the output y and its gradient, we have to de-
fine a parametric form of the PDF of the output compo-
nents. In our experiments, we used the mixture of Gaus-
sians probabilistic model for each component. In the case
of the mixture Gaussian probabilistic model, the derivative
of the probability density functionis

5P y] (yj — Kjn) < (y; — )’
—-H exp | —————
Z ]k 2’/T0'Jk U]Z'k P 20%
K
Y Hj =1
k=1
foral j =1,2,---,n, where H;; is the weight of the kth

Gaussian PDF in the mixture of Gaussians, K is the num-
ber of Gaussian PDFsin the mixtureof Gaussians, 1, isthe
mean of thekth Gaussian PDF in the mixture, and o3, isthe
variance of the kth Gaussian PDF in the mixture. The pa-
rameters of these probabilistic models are calculated from
the output data using the expectation-maximization (EM)
algorithm [8]. We used the hyperbolic tangent function as
the nonlinear function in the feed forward neural network
approximation of the scalar function that is used in the sym-
plectic map.

Therefore, the derivatives of the output componentswith
respect to the symplectic map parameters become
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Substituting the derivatives of the output components
with respect to the sympl ectic map parametersand the deriva
tives of the probability density function with respect to the
output components for both parametric PDF formsin equa-
tions 13, 14, 15, and 16, we get the derivatives of the
empirical objective function with respect to the symplectic
parameters. Adding to these derivatives, the derivatives of
the regularization term, we get the derivatives of the regu-
larized objective function with respect to the symplectic pa-
rameters. Given these derivatives, we use any the conjugate
gradient algorithm to update the values of the symplectic
parameters. The computational complexity of the algorithm
for updating the symplectic parameters in each iteration is
O((3nK + (n+1)M +n2M)N), wheren istheinput vec-
tor length, M is the number of hidden nodes in the neural
network, K is the number of Gaussian components in the
mixture, and N is the number of input vectors.



In the next section, we will provide experiments that
used these implementations.

4. EXPERIMENTSAND 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
coefficientsin the Cepstrum domain.

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 compo-
nents.

In the cepstral domain processing, the overall feature
vector consists of 12 MFCC coefficientsin the first two ex-
perimentsin 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 maximum
likelihood estimates of the marginal probability density func-
tions of the output components are calculated using 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 updated such that this
sum is minimized. After the iterative algorithm converges
to a set of locally optimal symplectic parameters, the train-
ing data are transformed by the symplectic map yielding
corresponding output coefficients. The output coefficients
are compared to linear ICA, and MLLT in their recognition
accuracy.

The 61 phonemes defined in the TIMIT database are
mapped to 48 phoneme labels for each frame of speech as
described in [9]. These 48 phonemes are collapsed to 39
phoneme for testing purposesasin [9]. A three-state |eft-
to-right model for each triphone is trained using the EM
algorithm. The number of mixtures per state was fixed to
five. After training the overall system and obtaining the
symplectic map parameters, the approximately independent
output coefficients of the symplectic map are used asthein-
put acoustic features to a Gaussian mixture hidden Markov
model speech recognizer [9]. The parameters of the rec-
ognizer are trained using the training portion of the TIMIT
database.

To compare the performance of the proposed algorithm
with other approaches, we generated acoustic features us-
ing linear ICA, and MLLT. We used the maximum likeli-

hood approach to linear ICA as described in [1] and briefly
overviewed in section 2. Finally we implemented MLLT as
described in [7]. All these techniques used a feature vector
that consists of twelve MFCC coefficients, the energy, and
their deltas as their input.

Testing this recognizer, using the test datain the TIMIT
database, we get the phoneme recognition results in table
1. These results are obtained by using a bigram phoneme
language model and by keeping the insertion error around
10% asin [9]. Thetable comparesthese recognition results
to the ones obtained by MFCC, linear ICA, and MLLT.

To improve the phoneme recognition accuracy in the
time domain, we used a linear map that maximizes an em-
pirical estimate of the mutual information between the phoneme
identities and the output coefficients [10]. These linear
maps were used on each component separately and there-
fore preserved the approximate independence property of
the components generated by the nonlinear symplectic map.
Using these features, generated by trying to maximize the
mutual information, wetrained the previously described HMM
recognhizer. As shown in table 1, the phoneme recognition
accuracy is improved by using this linear map, but still it
falls behind the phoneme recognition 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 to the
nonlinear component analysis algorithm, and the energy was
added to the output coefficients. Theresultant 13-coefficient
feature vector was used to train the HMM recognizer. Inthe
second experiment, we added the delta of the output coef-
ficients 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. Finaly, we
used the twelve cepstrum coefficients, 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 1, the best results were achieved by using
the cepstrum coefficients, 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
recogni zer.

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%. Asshown intable 1, the MLLT performed the
best among linear transformswith about 0.9% improvement
over the MFCC-based feature vector. Comparing these re-
sults with the non-linear ICA agorithm in the cepstral do-
main, we find that non-linear ICA outperformsthe best lin-
ear approach by 1% using the same length of the features
vector.

Table 1. Phoneme Recognition Accuracy

Acoustic Features Recognition
Accuracy
MFCC 73.7%
Linear ICA 73.5%
MLLT 74.6%
Non-Linear |CA 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(StaticMFCC 75.6%
+Energy+AMFCC+AEnergy)

5. DISCUSSION

In this work, we introduced a nonlinear symplectic inde-
pendent component analysis algorithm. This algorithm can
provide the maximum likelihood transform of the features
under the independece constraint on the transformed fea-
tures. This algorithm was applied to the speech signa in
two different ways. First, it was applied to the time-domain
speech data and the output coefficients' phoneme recogni-
tion accuracy were evaluated. Second, we applied our al-
gorithm to the MFCC features of the speech signal and its
energy. We compared the phoneme recognition accuracy
of the output coefficients to linear ICA, and MLLT. In this
case, the phoneme recognition accuracy is improved com-
pared to MFCC, 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 al-
gorithm. This can be attributed to the ability of the algo-
rithm to find a better representation of the acoustic clues of
different phonemes when provided with input features that
have proved to be efficient in coding the acoustic informa-
tion that is related to phonemes. The improvement due to
this different representation over the input MFCC features
that have the same amount of information about phonemes,

is due to the approximate independence property of the new
features that allow a more efficient probabilistic modeling
of the conditional probabilities with the same model com-
plexity.
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