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ABSTRACT
Conventional methods for incorporating temporal information into
speech features apply regression to a series of successive cepstral
vectors to generate differential cepstra, or apply a cosine transform
to generate cepstral-time matrices. This paper aims to generalise
these techniques such that a series of stacked cepstral vectors is
multiplied by a temporal transform matrix to produce the final
speech feature. This can made to incorporate both static and
dynamic speech information. Using this method, the coding of
temporal information is not restricted to regression or cosine coef-
ficients - any suitable transform may used. Results are presented
for a variety of transforms, such as Legendre, Karhunen-Loeve,
Cosine, Rectangle, where it is shown that the transform based tech-
niques offer higher performance than conventional differential cep-
strum.

1. INTRODUCTION
After the feature extraction stage of a speech recognition system,
successive feature vectors are correlated. However a well known
deficiency of HMMs is the lack of an efficient mechanism for the
utilisation of this correlation. The left-right HMM provides a tem-
poral structure for modelling the time evolution of speech spectral
characteristics from one state into the next, but within each state
the observation vectors are assumed to be independent and identi-
cally distributed (IID). The IID assumption states that there is no
correlation between successive speech vectors. This implies that
within each state the speech vectors are associated with identical
probability density functions (PDFs) which have the same mean
and covariance. This further implies that the spectral-time trajec-
tory within each state is a randomly fluctuating curve with a sta-
tionary mean. However, in reality the spectral-time trajectory
clearly has a definite direction as it moves from one speech event to
the next. Figure 1 illustrates this restriction of HMMs. The dotted
path represents the trajectory of a speech signal through the HMM
feature space. As time progresses the trajectory passes smoothly
through the model, exiting each state near to the boundary of the
next state. The solid line shows a typical IID path through the
HMM. In each state there is no temporal information, and the path
randomly moves around the mean, then exits on to the next state,
arriving anywhere in the next state space.

This violation of the IID assumption, by the feature vectors, con-
tributes to a limitation in the performance of HMMs. Including
some temporal information into the speech feature can lessen the
effect of this assumption that speech is a stationary independent

process, and can be used to improve recognition performance.

The conventional way of including temporal information into the
speech feature is to augment the cepstrum with the differential cep-
strum or alternatively use cepstral-time matrices - these are
reviewed in section 2. A generalisation of these techniques is pre-
sented in section 3, where an alternative method of viewing the
inclusion of temporal information using a temporal transform
matrix is introduced. Included in this section are some possible
transforms which may be used. Section 4 presents experimental
results using a selection of these temporal transforms, and a con-
clusion of the work is presented in section 5.

Figure 1: Transition through the HMM feature space.

2. INCLUSION OF TEMPORAL
INFORMATION INTO THE SPEECH

FEATURE
This section briefly reviews the differential cepstrum and cepstral-
time matrices as methods of including temporal information into
the feature vector.
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2.1. Differential Cepstrum
The differential cepstrum is calculated by applying a weighted
summation to a time sequence of cepstral vectors. The first-order
cepstral derivative (velocity) is calculated using regression analy-
sis, [1], with the general equation being,

(1)

where∂ct(n) is the first time derivative of thenth cepstral coeffi-
cient at time framet, andct+k(n) is thenth coefficient of thet+kth

static cepstral vector. The range-K to +K  is the time span of ceps-
tral vectors across which the derivative is calculated.

In a similar way, the second derivative,∂∂ct(n), is calculated using
a weighted summation of the first derivative. This process can be
continued, allowing the calculation of a derivative of any order.
Hanson and Applebaum, [1], recommend a width ofK=2 for the
first derivative and a width ofK=1 for the second derivative.

2.2. Cepstral-time matrices
A cepstral-time matrix,Ct(m,n), is obtained either by applying a 2-D
Discrete Cosine Transform (DCT) to a spectral-time matrix. Since a 2-D
DCT can be decomposed into two 1-D DCTs, the cepstral time matrix
can also be obtained by applying a 1-D DCT to a stacking ofM succes-
sive MFCC speech vectors,ct(n), [2],

(2)

This process is shown in Figure 2. In the cepstral-time matrix, the lower
index coefficients along the quefrency axis,n, represents the spectral
envelope, whereas the higher coefficients represent the pitch and excita-
tion, as is the case for the cepstrum. Along the pseudo-time axis,m, the
lower coefficients represent the longer time variation of the cepstral
coefficients, and the higher coefficients the short time variation. The col-
umn,m=0, represents the average or steady-state level of the spectral-
time matrix.

Figure 2: Regions of the cepstral-time matrix.

Typically only a sub-matrix of the cepstral-time matrix is used for recog-
nition, thus the matrix can be truncated downN’xM’. For example a use-
ful sub-matrix is given by the first three columns, excluding the zeroth
column - which contains any linear time-invariant channel distortion
which may be present - [2].

3. GENERALISED TEMPORAL
TRANSFORM ON STACKED VECTORS

Whilst the implementation of differential cepstrum and cepstral-
time matrices seems very different, in fact they can be viewed as
similar processes. Both apply a temporal transform onto a
sequence of successive cepstral vectors. For example the cepstral-
time matrix,T, is calculated from a multiplication of a matrix con-
taining stacked cepstral vectors,M , and a matrix comprised of
cosine basis functions as its columns,C, i.e.

T = M C (3)

This transform can be generalised such that the cosine matrix,C, is
replaced by any matrix,H, which can encode the temporal infor-
mation, resulting in the generalised feature matrix,V, i.e.

M H = V (4)

The columns,φi(j), of the temporal transform matrix,H, are the
basis functions for encoding the temporal information, wherei
indicates the column andj the element along that column. It is
important that these columns are orthogonal, as this serves to
decorrelate the columns ofV, which is particularly important when
using HMMs with diagonal covariance matrices - it is assumed that
the rows are already decorrelated, which is a reasonable assump-
tion for MFCCs. To enable a dimensionality reduction,H must also
be selected such that useful speech information is compressed into
a sub-matrix ofV which is used for recognition.

Using this method of encoding temporal information, a wide range
of transforms can be used as the temporal transform matrix,H.
Indeed, the differential cepstrum, described in section 2.1 can be
calculated using a temporal transform matrix. For example, to gen-
erate static, first and second order cepstral derivatives - based on
equation (1)- matrixH would be,
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resulting in a 27 dimensional speech feature.

LDA, [6], is applied to the feature comprised of 7 stacked cepstral
vectors, matrixM . The LDA derived speech feature is produced by
multiplying the 7x9-D stacked MFCCs by the LDA transform
matrix, and subsequently truncating the feature down to 27 dimen-
sions. Using LDA to encode the matrix of stacked cepstral vectors,
M , results in aNMxNM transform matrix which is much larger
thanMxM temporal transform matrix of equation (4). As a result
LDA does not fit exactly into the temporal transform framework,
but is included as it offers a method of encoding the information
contained withinM , based on discrimination.

For comparison a few conventional differential cepstral features are
included in the results.

The results are detailed in Table 1, where the⊕ operator is used to
represent the augmentation of vectors.

Table 1: Recognition performance using a selection of temporal
transforms.

The most obvious conclusion from the results is that including tem-
poral information into the speech feature improves recognition per-
formance. The most simple feature comprises only the static
cepstrum (c in the table), and attains worst performance - 79.0 %.
Including the neighbouring static cepstrum with this (i.e. using the
identity matrix as the temporal transform matrix) improves per-
formance. Using 3 successive cepstral vectors improves perform-
ance to 83.7 % and with 7 successive vectors the performance
reaches 87.7 %. These are both significantly higher than with a sin-
gle cepstral vector, as there is now temporal information in the
speech feature although as yet not encoded efficiently.

By applying one of the temporal transforms (DCT, DLT, DRT,
KLT) to the stacked cepstral vectors improves performance consid-
erably - to over 96 % - as well as enabling a reduction in the feature
size. Best performance of 97.4 % is given by the KLT which is
unsurprising given that the KLT is the theoretical optimal trans-
form. LDA improves performance but not by as much as the previ-
ous transforms. In other experiments LDA has been applied to
cepstral-time matrices themselves. Whilst not improving perform-
ance, it has allowed a significant reduction in feature size - over
97.1 % with a 15-D feature, and 94.4 % with a 5-D feature.

Considering now conventional cepstral features it is shown that
augmenting the static cepstrum with differential cepstra also
improves performance - adding velocity cepstra (c⊕∂c) increases
performance from 79.0 % to 92.5 %. Adding higher order deriva-
tives again improves performance, but this tends to fall off at the
3rd derivative - as well as increasing the feature size. It is interest-
ing to note that using just velocity cepstra (∂c) gives 13.5 % higher
performance than just the static cepstra (c). These can be computed
either conventionally using regression, equation (1), or in the tem-
poral transform framework, equation (4).

5. CONCLUSION
The aim of this paper has been to generalise the incorporation of
temporal information into the speech feature by viewing it as the
application of a temporal matrix transform on a matrix comprised
of stacked cepstral vectors. As a result of this a wide range of trans-
forms have been demonstrated which can be used to encode the
temporal dynamics of speech.

Results have shown that increased performance is attainable when
temporal information is encoded by one of the implicit transforms,
such as DCT, DLT, KLT, compared to using the conventional dif-
ferential cepstra. Best performance is achieved by the KLT, which
has basis functions almost identical to those of the DCT, making
cepstral-time matrices a good approximation of idealised temporal
features.
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Stack transform,H
Feature

 size
Recognition

accuracy

Identity,3x3 27 83.7 %

Identity,5x5 45 87.6 %

Identity,7x7 63 87.7 %

Cosine, DCT (CTM) 27 96.9 %

Legendre, DLT 27 97.1 %

Rectangle, DRT 27 96.7 %

Karhunen-Loeve, KLT 27 97.4 %

LDA 27 95.7 %

c¶¶¶ (MFCCs 0 to 8) 9 79.0 %

c⊕∂c 18 92.5 %

c⊕∂c⊕∂∂c 27 93.4 %

c⊕∂c⊕∂∂c⊕∂∂∂c 36 93.5 %

∂c 9 92.5 %


