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Abstract

In this paper, we propose a new acoustic model for characterizing segmental features and an algorithm based upon a
general framework of hidden Markov models (HMMs). The segmental features are represented as a trajectory of
observed vector sequences by a polynomial regression function. To obtain the polynomial trajectory from speech
segments, we modify the design matrix to include transitional information for contiguous frames. We also propose
methods for estimating the likelihood of a given segment and trajectory parameters. The observation probability of a
given segment is represented as the relation between the segment likelihood and the estimation error of the trajectories.
The estimation error of a trajectory is considered the weight of the likelihood of a given segment in a state. This weight
represents the probability of how well the corresponding trajectory characterizes the segment. The proposed model can
be regarded as a generalization of a conventional HMM and a parametric trajectory model. We conducted several
experiments to establish the effectiveness of the proposed method and the characteristics of the segmental features. The
recognition results on the TIMIT database demonstrate that the performance of segmental-feature HMM (SFHMM) is
better than that of a conventional HMM.
© 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction

Hidden Markov models (HMMs) are widely
used for automatic speech recognition. HMMs
provide a framework that is broadly appropriate
for modeling speech patterns by considering time-
scale and short-term spectral variation. However,
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most approaches based on HMMs assume that the
sequence of observations corresponding to a state
are conditionally independent of each other and
come from the same output distribution. These
assumptions of state-conditioned stationarity and
independence of observation events imply that each
state is a stationary source that generates indepen-
dent and identically distributed (i.i.d.) observation
events. The stationary-state assumption appears to
be reasonable when a state is intended to represent
a short segment of sonorant or fricative speech
sounds. However, for longer segments of these
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sounds and for all types of plosive sounds, such an
assumption is inadequate (Deng et al., 1994).

This paper proposes a segmental-feature HMM
(SFHMM) to overcome the weaknesses in the as-
sumptions of conventional HMMs and to take
acoustic context information between neighbor-
hood frames into consideration. The SFHMM
uses parametric trajectories for input features and
each trajectory is modeled in a given segment to
include information from adjacent frames whose
range is determined by a design matrix for the
fitting problem. The trajectory is referred to as a
“segmental feature” because it is obtained from a
segment (a set of frames).

To consider the neighborhood frame informa-
tion, the design matrix is modified to be symmetric
with respect to the current observation vector and
to use a time-normalized matrix so as not to de-
pend on the segment length. In contrast to previ-
ous work (Gish and Ng, 1993, 1996), we use fixed
segment lengths so that the mean trajectory can be
obtained from the expected averages of feature
vectors, to reduce the estimation time of the tra-
jectory. The estimation and evaluation problems
of SFHMM are similar to those of a conventional
HMM, because the HMM frame features are re-
placed with the segmental features (trajectories)
and the problems can be expanded easily by con-
sidering a set of frame features.

The remainder of the paper is organized as
follows. In Section 2, we introduce segment mod-
eling using the parametric trajectory approach and
present a new design matrix to reflect neighbor-
hood events. We also describe the basic formulae
associated with the SFHMM. Section 3 proposes
a mathematical form for the SFHMM to eval-
uate likelihood in a given state and to estimate
parameters. We then consider specializations of
SFHMM that work as conventional HMMs or as
parametric trajectory models. Experimental results
using the TIMIT database and discussions are
reported in Section 4, and we conclude in Section 5
with a summary of the main results.

2. Speech segment modeling

The effect of independence assumption can be
reduced by the modification of the data to reflect

speech dynamics or of the model to be appropriate
for speech signals. The popular way of the former
approach is to use an acoustic feature vector which
includes information over a time span of several
frames. This is usually achieved by considering the
time derivatives, such as the first or second order
delta coefficients of the static features (Furui,
1986). The assumptions of HMMs are related to
their frame-based characteristic, whereby states
are associated with single acoustic feature vectors.
The latter approach incorporates the concept of
modeling frame sequences rather than individual
frames to provide an accurate model for the speech
dynamics.

Considering the above concept, many studies
have been presented to mitigate the impact of the
inappropriate assumptions of HMMs. One ap-
proach tried to relax the assumptions of HMMs by
representing the duration in a given state as a re-
gression function of the frame index. The frame
index represents the position from the beginning of
a given state (Deng, 1992) or sojourn time (Deng
et al.,, 1994). Even though these studies modeled
the state duration effectively, they could not escape
from the independence assumption of HMM, since
their work was based on frame features.

Some work has been done to overcome the
shortcomings of HMMs by addressing the rela-
tionship between successive acoustic feature vec-
tors. Segmental acoustic models were studied to
exploit acoustic features that are apparent at the
segmental, but not at the frame level. The term
“segment” is taken as referring to any sequence of
frames representing some linguistically meaningful
speech unit. Segmental HMM (SHMM) was pre-
sented to specify the relationships in a segment
as probabilistic functions of a state (Gales and
Young, 1993; Russell, 1993) or of some form of
trajectory (Holmes and Russell, 1995b, 1999). The
earlier work described the output probability dis-
tribution of a state by inter-segmental distribution
(the distribution of the segment mean) and intra-
segmental distribution (the observation probabili-
ties given that mean). The later work represents
the segment as a stochastic process in which the
mean changes as a function of time according to
the parameters of the trajectory. This stochastic
process is considered as a constant distribution
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over time (Russell, 1993) or a linear trajectory of
the variable duration (Holmes and Russell, 1995b,
1999). Thus, if the assumption of stochastic dis-
tribution changes, the parameters in a given seg-
ment must be redefined.

In another study of segmental models, obser-
vations in the segment were defined as the linear
sampling of a normalized trajectory (parametric
segment model or parametric trajectory model)
(Gish and Ng, 1993, 1996). To model a given seg-
ment as a normalized trajectory, the boundary of
the segment must be known, because the trajectory
represents the tendency of successive feature vec-
tors as a normalized feature in the range of [0, 1].

If multiple observation vectors are used to train
the regression function or trajectory coefficients in
a non-stationary HMM or parametric segmental
model, both approaches use the concatenated ob-
servation vector for the estimation of the relevant
parameters, because the segment lengths are vari-
able and different from each other (Gish and
Ng, 1993, 1996; Deng et al., 1994). The estima-
tion time of the parameters therefore increases
exponentially. Thus, there is a requirement to study
acoustic modeling techniques that improve the
performance of speech recognition systems and to
reduce the parameter re-estimation and evaluation
time. In this section, we present a new acoustic
model based on the segmental feature with re-
striction of the segmental models.

2.1. Parametric segmental feature modeling

The relation between the successive acoustic
feature vectors of a speech signal can be approxi-
mated by some form of trajectory through the
feature space. This idea has formed the basis for
a number of segmental models, and it has been
implemented in parametric and non-parametric
approaches. In the parametric approach, the poly-
nomial trajectory is estimated from a specific
region, and distributions of the region are repre-
sented by points along the trajectory. On the other
hand, the non-parametric trajectory model has
distribution parameters that are estimated for each
model region (Goldenthal and Glass, 1993). We
use the parametric approach for segment model-
ing, because this method is well-motivated by the

smooth trajectories in many speech units (Osten-
dorf et al., 1996).

In their parametric trajectory model, Gish and
Ng (1993) modeled a speech segment C with a
duration of N frames, which is N x D matrix, as

C=ZB+E, (1)

where each frame is represented by a D-dimen-
sional feature vector. Z is an N x R design matrix
that specifies the type of window to be used, B is an
R x D trajectory coefficient matrix, and E denotes
residual errors. R is the regression order in the tra-
jectory model: R =1 for a constant trajectory, R =
2 for a linear trajectory, and R = 3 for a quadratic
trajectory. In this study, a segment is normalized so
that its frames are distributed uniformly between
times 0 and 1 inclusively (Gish and Ng, 1993)
(called a “complete” trajectory model because each
trajectory represents the entire input data corre-
sponding to the speech unit as the normalized
form). This normalization is handled in the design
matrix Z.

In a complete trajectory model (Gish and Ng,
1993, 1996, Fukada et al., 1997), a segment might
correspond to a phone-sized unit and the bound-
aries of a segment must be known, because the
segment is normalized to the range of [0,1]. If
the segment boundaries are unknown, distribution
mapping between a segment model and variable
length observations is very important. However,
the mapping takes a long time and it is difficult to
find the correct mappings.

Thus, in our system, segmental features are
extracted from successive frame features using the
design matrix Z. This matrix determines the range
of frames that are reflected to the segmental fea-
ture and the weights of each frame feature in a
segment. If we limit the lengths of segments to a
fixed value, the design matrices can be the same for
most segments except segments at the ends of the
speech signal. At the ends of the signal, the seg-
ments whose length is less than the given fixed
value cannot be a consideration or their design
matrices must shrink from the top or bottom. Since
the lengths of segments are set to a fixed value, the
distribution mapping problem can be avoided. We
represent the segmental features as polynomial
trajectories that are obtained by Eq. (1). If an
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HMM-like method is used and each acoustic model
is trained for a phone-sized unit, the boundary
alignment of phones or words is easily performed
in the evaluation phase using the Viterbi algo-
rithm, because we can consider that the segmental
features are replaced with the frame features used
in conventional HMM. In the estimation phase,
the mean trajectory parameters are easily obtained
by the expected average of observation feature
vectors because the design matrices for most seg-
ments have the same form.

If the normalized form of the design matrix is
adopted, we may use the design matrix to repre-
sent relative time, to make the trajectory of a
segment independent of the segment length. We
can also extend our approach to a variable seg-
mental feature, which is obtained from segments
with variable lengths. However, we cannot apply
the normalized time regression matrix directly to
our approach, as Gish and Ng (1993) suggested,
because the segment boundary must be known and
the trajectory is characterized by the complete
trajectory. Therefore, we suggest a new design
matrix in which the bases are symmetric with re-
spect to the current frame (time) in each column
and are normalized by the segment length. The
range of normalized bases is set to [—0.5,0.5] to
focus on the center of a segment.

To reflect the above concept, we make some
modifications to the parametric representation of
Eq. (1). In previous work, a segment was repre-
sented by a phone-sized unit. However, in our ap-
proach, a segment contains a fixed number of
frames and the segment can be moved by one
or more frames (less than the segmental length
to avoid discontinuity) for analysis. For a given
speech segment of N = 2M + 1 frames, we consider
the current frame feature (the observation vector at
time ) on the center of a segment as follows:

[ Viewm YViemp | ¢
C = Y;tAA;I[ = RZA te Vi.D = Ct s

| Ve 1 Yi+m D | L Crim
.=t mp), t—M<LI<t+M. (2)

Because the observation vector at time ¢ (¢;) is on
the center of a segment and the segment is moved by
time index ¢ in consecutive frames, the beginning
and end of the speech segment may be overlapped
with the neighboring segments at timez — 1 orz + 1.

Thus, there is a strong requirement to describe a
new design matrix that can imply the transitional
information between the adjacent segments and
can show that the current feature vector is posi-
tioned at the center of a segment. Since a design
matrix centers on the current observation vector
and we consider the segments overlapping, each
row shows the relative position from the current
time. Each element in the first-half of the row has a
negative value, while those in the last half have
positive values.

To satisfy the above conditions, the design
matrix Z can be defined as

(14 (4"
g (a) e (e
Z=11 (:) 0 0
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The base is represented as time normalized by the
segment length in each column, so that it is not
dependent on the segment length. Because Z is
represented by the relative position from the cur-
rent observation vector, the previous and follow-
ing acoustic features of the current observation
can be included in the estimation of the trajectory.
Thus, even though acoustic models are represented
as context-independent (CI) models, the estimated
trajectory can contain the partial context infor-
mation of neighboring acoustic events. The base
((t —1)/2M) of each column in the design matrix
has a normalized range from —0.5 to 0.5 because t
varies from ¢t — M to ¢+ M. The trajectory coeffi-
cient matrix B, is also defined as

by bip b,
B, = = )
br, brp by
b;=[biy...bip), 1<i<R. (4)

Fig. 1 shows the relation between the observation
vectors, the design matrix, the trajectories and
their coefficient matrices.

Speech signal

119

Given the segment model as Egs. (1)-(4), the
next step is to estimate the model parameters.
Assuming that errors are independent and identi-
cally distributed, we obtain the trajectory coeffi-
cient matrix B, by a linear regression. For each
feature dimension, the following polynomial is
considered:

Yei = brizen +byizen + b3izez + -
+brizer, 1<i<D,

(5)
where z,, = ((t — ¢)/2M)""". This linear regression
equation is easily solved by singular value de-
composition (SVD). If the trajectory model is an
over-determined system (N > R), SVD produces a
solution that is the best approximation in the least-
squares sense (Press et al., 1992). Otherwise, the
coefficient matrix B can be obtained by the fol-
lowing matrix equation:

B = [z/z} zc, (6)

where ' means the matrix transpose. The above
methods must be applied carefully at the beginning
and end of a speech signal, where the conditions

C-‘
Observation vectors 'Y I:I I:Io o |:| I] I] |:| |:| |:| o o I:I I]
Y. Y2 Y3, Y2 Yeu ¥y Yur Vi Yra ¥r
[ | |
Design matrix Z Zigm /z:~| Zo oM
[ Vi | ]
Trajectories 7B o o /—\ ﬁ & 8
Coefficients B o o I I I I I I o o
by bbb, b, b, b,

B

]

B

P

Fig. 1. The relation between the observation vectors, the design matrix, the trajectories and their coefficients.
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Fig. 2. Temporal variation of the zeroth MFCC coefficient for the vowel segment /oy/, and the corresponding segmental features with
N =3 and 5, respectively. N means the segment length and R the regression order for trajectories: (a) original; (b) N =3, R = 2; (¢)

N=3,R=3(dN=5 R=3.

t<0ort>=T(Tis the total number of observa-
tions in a speech signal) occur.

With B, estimated, a goodness-of-fit measure >
can be obtained by summing the frame residual
error over the segment at time ¢,

2 Zijz‘{M(Cr - ert)(Cr - zrl}t)'

X = N ) (7)

where N is the number of frames in a segment.
Smaller values of y? indicate better data fitting; if
¥ is zero, the fit is perfect. After the parameter
estimation, each segment is replaced by its trajec-
tory ZB, with z2.

When speech signals are entered, they are
grouped into a fixed number of successive frames
(segments). Each segment can be moved by one or
more frames for speech analysis and it is repre-
sented by its trajectory and estimation error. The
observation vector at time ¢ is represented by a D-
dimensional point (frame feature) in conventional
speech processing, but the proposed segmental
modeling considers the observation vectors of a
segment as sampled points along the correspond-
ing trajectory (segmental feature).

Fig. 2 illustrates the difference between the
temporal variation of the zeroth MFCC coefficient
in conventional speech processing and its corre-
sponding segmental feature (trajectories ZB,) with
a different segment length and regression order. In
this figure, the features in the conventional speech
processing are represented by simple points (frame
features) at each frame index, while the segmental
features are represented as the polynomial trajec-
tories (the points along linear, quadratic or higher-
order regression functions).

2.2. Segmental HMM

An SHMM provides an efficient representation
of a set of possible underlying trajectories for a
speech sound by modeling variability in the tra-
jectories (Holmes and Russell, 1999). In this
model, the observation probability of a given seg-
ment ¥ =yy,...,yr occurring at state s; of model
A is specified by the equation

P(Y|5,0) = / PUfo 5 DP(Y fonosi ) e (8)



Y.-S. Yun, Y.-H. Oh | Speech Communication 38 (2002) 115-130 121

where f,, is the available trajectory. P(f,|s:, /) is
the probability that £, is a valid trajectory for
the segment corresponding to the given state and
it is referred to as an extra-segmental variation.
P(Y | fn,s:,4) is the probability that the observa-
tion segment Y is a valid instance of trajectory f,,
and it accounts for the intra-segmental varia-
tion in the realization of a particular trajectory.
Extra-segmental variations refer to such long-term
variabilities as speaker identity and the chosen
pronunciation of a speech sound. On the other
hand, intra-segmental variations represent short-
term variabilities that occur within a segment as a
result of the continuous articulation process and
other random fluctuations (Holmes and Russell,
1995a). Both segmental variations are based on the
assumption that all observations are independent
of a given state, but conditioned on the segment
(Gales and Young, 1993; Russell, 1993; Holmes
and Russell, 1995b).

In our approach, a segment is a fixed number of
frames and the segment length is N =2M + 1.
Thus, the segment Y;f% can be expressed by C.,.
Because the segment C,; is represented by its un-
ique trajectory ZB, at time ¢, we can rewrite Eq. (8)
as follows:

P(C,|s;,7) = P(ZB,|s;, ))P(C,| ZB,,s., 7).  (9)

The observation probability of segment C,, for a
given state, can be obtained by summing up all
mixture probabilities in the state if we use multiple
mixture models. Then, Eq. (9) can be rewritten as

K
P(C,|s;, 4) = Z ciP(Cy|si,my, A)
=0

K
= ZcikP(ZBt|Si,mk7)v)
k=0
XP(CZ|ZBt7S[amk7)")7 (10)

where ¢;; shows the weight of mixture m; in state
s;. In the previous SHMM, the probability of the
segment given the state was represented by inte-
grating over the set of all trajectory parameters.
However, in our approach, we instead use a sum-
mation, to be formulated like the mixture model of
conventional HMMs.

However, if we want to use the most likely
trajectory, with parameters that maximize the joint
probability of observations and the state, the
above equation can be rewritten as follows:

P(C,|si,2) = m}leP(C,|s,»,mk,)u)
= m]?xP(ZB, | iy My, A)
X P(C,|ZB,,s;,my, L. (11)

3. Segmental-feature HMM

A segment has a variable length in previous
segmental models (Gales and Young, 1993; Rus-
sell, 1993; Gish and Ng, 1993). However, in
SFHMM, the segment length is restricted to a pre-
determined fixed value. Since each segment is
represented by its polynomial trajectory ZB, and
estimation error, after the estimation of the coef-
ficients matrix B, and the goodness-of-fit ¥, these
parameters can be used to evaluate the likelihood
of speech segments. In this section, we propose a
new segment likelihood for a given model, and a
parameter estimation algorithm within the frame-
work of the conventional HMM.

3.1. Segment likelihood

In previous SHMMs (Russell, 1993; Holmes
and Russell, 1995b), the extra-segmental variance
is corresponding to the variability of the trajecto-
ries which are represented as constant or linear
and is obtained by the variance of the trajec-
tory parameters themselves. Intra-segmental dis-
tributions are assumed Gaussian with a diagonal
covariance. However, we can suppose extra-seg-
mental and intra-segmental variations as follows.
Extra-segmental variations are represented by
Gaussian distributions with mean trajectories and
their variances, while intra-segmental variations
are also defined as the estimation error of the
trajectory in a segment. This means that intra-
segmental variations may act as weights to extra-
segmental variations, which show the observation
probability of a given trajectory in the state. The
weight is the probability of how well the given
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trajectory reflects the characteristics of the seg-
ment.

The extra-segmental probability of the trajectory
ZB,, given state s; and model 4, can be defined as

P(ZB,|s;,2) = P(ZB,| Z%,, Z,«)

+M

rlt_[M 2n D/z‘zr “|l/2
X exp { — E{zf(Bt — %)}
X Zr_flt‘i{z‘c(Bl - %i)}/}» (12)

where 4; is the mean trajectory coefficient matrix,
2, is the variance of the trajectories, and X; =
{Z iy 20y oy Zuits Zniy —M <n<M is the
variance of points at frame index n along trajec-
tories in state s;. For given segments occurring in a
state, the expression of variance can be considered
as a time-varying quantity reflecting temporal de-
pendencies of frames in segments or a common
variance for all frames in the segments. The time-
varying variances can represent the temporal dy-
namics of the segment and X, _,; is obtained by the
variance of a frame feature along the relative time
7 —t in Eq. (12). However, the common variance
can be referred to as a fixed variance because the
temporal variabilities in the segment are constant,
and each element of X; is the same for all frame
indexes t—¢ in the segment, such that X,_,; =
2, 2; 1s the common variance for all frames in a
segment.

Since intra-segmental variation is independent
of state s; and is interpreted as a trajectory esti-
mation error, the variation can be defined with »?
as follows:

1
P(C,|ZB,,s;,2) = P(C,|ZB,) = exp{ - 573}

1 t+M
=exp{ — 5 Z (e: —z.B,)

x (¢, — zTB,)/}. (13)

Hence the output probability of a segment at time
t for state j can be defined as

K
b;(Ci,ZB,) = P(Ci|s;, 2) = chkbjk(CnZBZ)
=0

”Mw ZMa

cjkP(C |57, my, A)

C]kP ZBt|Z,@]k,ij (C |ZBt)
= (Cr|ZBt)
X Zq,-kP(ZB,\Z%h i), (14)
k=0

where % and X are the trajectory model (coef-
ficient matrix of mean trajectory and covariance)
corresponding to mixture my for state ;.

Since P(C,|ZB,) is independent of state j and
denotes the estimation error of the trajectory for
the segment, the intra-segmental variation is con-
sidered as the time varying weight of the contri-
bution to the extra-segmental probability for a
given state.

3.2. Parameter estimation

A Baum-Welch-like parameter re-estimation
can be derived for SFHMM. Let y,(j) and &,(j, k)
be respectively the posterior probabilities of being
in state j and of being in the kth mixture of state j
at time ¢, given the observation sequence C, and
the model 4. &(j, k) can be defined as

ét(jvk) = P(St :jvk! = k| Clv/l)
_ 21 (Dayeibi(Ci, ZB,) B, () (15)
> iesy o (i) ’

where a;; is the transition probability from state i
to state j, S the set of final states, and o, (i)
the forward probability of state i at time ¢. If y,(j)
is the same as that of the conventional HMM,
after the estimation of y,(i) and &(j,k), we can
estimate the weight for the kth mixture in state j as
follows:

T .

_ _1 &0k

cjk — thTl t(] . ) . (16)
> 7:0)

The mean trajectory of a mixture in a state of

SFHMM can be obtained by the ratio of the ex-
pected mean trajectories of the kth density over the



Y.-S. Yun, Y.-H. Oh | Speech Communication 38 (2002) 115-130 123

expected number of times of being in state j for all
segments,

T .
28, — 2 SUKZB,
> &)

As SFHMM analyzes a speech segment with a
fixed length, i.e. it uses the same form of the design
matrix, we can commonly omit the design matrix
Z in Eq. (17). Thus, the trajectory coefficient ma-
trix can be estimated by

7 _ ZtT:] (:t(j7 k)Bt
B =T
Zt:l ét(ﬁk)

After estimating @jk, we can also estimate the co-
variance by the difference between the input seg-
mental feature and the mean trajectory Z%,. For
the covariance estimation, we may consider the
time-varying variance that reflects the temporal
dependence of frames in segments, and the fixed
variance, which is commonly applied to all frames
in a segment, occurring in a state.

(17)

(18)

3.2.1. Time-varying variance

Variances are obtained by the difference be-
tween the input vectors and the mean vectors.
These features are important to the probability
distribution of segmental features with mean vec-
tors. In our approach, the variance in a state can
be calculated by the difference between the esti-
mated trajectories of the input speech segment and
the mean trajectory of a given state, because fea-
tures for a segment are represented by a polyno-
mial trajectory. We first assume that variances of a
state can be obtained by a sequence of variances of
frames of segments that are observed in the state.
Since each segment has N frames (equal to the
segment length), the variance of the state has a
sequence of variances of frames (/N variances), and
an individual variance is computed for each frame
of the segments. Thus, we refer to this approach as
a time-varying variance because variances are or-
dered by the relative position of frames (or relative
time) in the segment. As the segment is represented
by its unique trajectory in our approach, the
variance can be obtained by the distance between
the estimated trajectory and the mean trajectory.
To calculate the variance at each frame, the dis-

tance between both trajectories is achieved by ac-
cumulating the distance between points along each
trajectory.

Hence, the time-varying variance can be esti-
mated by

2y = {Z—M,_ﬂm e 20k s ZM,‘,-,{},

_ Z[TZI f,(j, k){ZnBl - anjk}/{ZnBt - Zank}

Enﬁk .
g Z;l ét(]?k)

)

(19)

where n is the relative position in a segment. z,B,
and z,4 are points along the estimated trajectory
of a given segment at time ¢, and along the mean
trajectory of the kth mixture in state j, respectively.

3.2.2. Fixed variance

If the time-varying variance approach is used,
the trajectory coefficient matrix B and N variances
are necessary to represent each state with a single
mixture in SFHMM. Thus, if the segment widens
or the number of mixtures increases, the number
of parameters increases and more computing time
is required. We can reduce the number of param-
eters representing the state by using a common
variance for all frames in a segment. In this case,
the common variance can be obtained by averag-
ing variances of all frames in the segment. It means
that the variances of all frames are assumed the
same and the temporal dependencies of variances
in a segment are ignored. This approach is called
“fixed variance” because variances of frames in the
segments are fixed in contrast to the time-varying
variance method.

The fixed variance is calculated as follows:

- 1 & .
ij = N Z an‘k. (20)
n=—M
This equation can be expanded as
5 _ Sl GUK(ZB,— 23,) (2B, - 23,))
J T .
N3 &UK)

(21)

where ZB, and Z%,, are the set of feature vectors
representing the segment at time ¢ and of the kth
mixture in state j, respectively.
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If the fixed variance approach is used for
SFHMM, the output probability of the kth mix-
ture in state j can be simplified as

P(ZB,‘SJ',WIIH}») :P(ZBt‘Z%j]”ij)

1 1
Nt RELCORERD
JK
x 2./ (ZB.Z# ,k)’} } (22)

The above approaches to estimating variance are
equivalent to that of conventional HMM if the
segment length is one, i.e. a single frame is used to
represent the segment. However, if the segment
length is greater than one, these approaches have
different variances and the probability of extra-
segmental variation P(ZB, |s;, A) in Eq. (12) is also
different.

3.3. Special cases of SFHM M

There are two special cases of the SFHMM
where it can be reduced to models described in the
literature.

(1) If the segment length N =1 and the re-
gression order R = 1, the trajectory ZB, of a seg-
ment at time ¢ is identical to the single frame
feature ¢;. Thus, the trajectory estimation error or
goodness-of-fit y* is zero and the probability of
intra-segmental variation P(C,| ZB,,s;, 1) becomes
one. The extra-segmental variation P(ZB,|s;,2) in
Eq. (12) is altered as follows:

P(ZB,|s;,.) = P(ZB,| Z%,, %))

1 1
W . exp { - E (z()Bt - z()e%i)

X 2611 (Z()B, — Z()f@[)/}, (23)

when 7 = ¢. In the above equation, zoB, shows the
input vector ¢, and zy4%; are the mean feature for a
state s;. Thus, this equation is identical to the ob-
servation probability of a state in conventional
HMM. Therefore, the SFHMM is identical to the
continuous HMM.

(2) If the segment length N is equal to the ob-
servation length 7 of the input speech signal for a
given model, each acoustic model can be repre-

sented as one state (or segment) with the variable
length approach. To deal with input speech with
variable length, the design matrix Z must consider
the variable length of a segment by expanding the
number of rows to the observation length 7. Then,
Eq. (6) is modified to reflect the segment depen-
dent design matrix Z, for kth segment, as follows:

B. =7,z "'Z.C,. (24)

Since each model is represented by a single state,
the estimation of the mean trajectory can be
identical to that of the polynomial segmental
model (Gish and Ng, 1996),

K -1 K
B = LZI: Z;Zk] LZ; Z,Z\B,

where By is the estimate of the trajectory param-
eters obtained from the kth segment with the dif-
ferent design matrix Z;. If the mean trajectory
coefficient 4 and its estimation process are ad-
justed as in the above equation, SFHMM resem-
bles the parametric trajectory model.

; (25)

4. Experiments

SFHMMs were evaluated on two tasks in au-
tomatic speech recognition: phoneme recognition
(39 phone classes), and vowel classification (16
vowels). In the phoneme recognition task, we ex-
amined the properties of segmental features by
comparing the proposed method with conven-
tional HMM in a combination of stationary and
dynamic features. We conducted another experi-
ment to find the characteristics of segment length
and regression order of SFHMM on the same
task. In another task, we checked the different
representations of variance in a state.

The same front-end was applied to both
tasks. For signal processing, waveforms were pre-
emphasized and blocked into 20-ms frames at
every 10-ms interval. For feature extraction, frames
were Hamming-windowed and transformed by a
Fourier transform. The output was converted to a
mel scale with 24 channels and a cosine transform
was applied. The first 12 cosine coefficients to-
gether with the normalized log energy value were
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used to obtain the segmental feature of SFHMM
or for inputs to conventional HMMs.

The TIMIT database was used for all experi-
ments. From the 630 available speakers, 462
speakers were used for training and the remaining
168 speakers for tests. Thus, there were a total of
4620 training sentences and 1,680 test sentences
(10 sentences from each speaker including SA
sentences).

4.1. Phoneme recognition

In the phoneme recognition task, the basic in-
ventory of model units was defined as the set of the
48 symbols that are used in the time-aligned pho-
netic transcriptions provided with TIMIT. After
recognition, the 48-symbol set was folded into
39 categories, as in (Lee and Hon, 1989). Experi-
ments were carried out with context-independent
(“monophone”) models, and a phone bigram
language model was also used.

4.1.1. Properties of segmental features

The aim of these experiments was to compare
the performance of models using segmental fea-
tures with that of conventional HMM using frame
features. The performance of SFHMM was com-
pared with that of the baseline system in terms of
various feature combinations. The baseline system
is an SFHMM that has unit segment length (single
frame) and unit regression order. As mentioned in
the previous section, the SFHMM with N = 1 and
R =1 is identical to the standard HMM. Thus, we
compared the performance of systems with non-
unit segmental unit and regression order with that
of the baseline system. In these experiments, the
segmental feature is represented by the trajectory
when the segmental length is greater than one and
the regression order is also greater than one. The
trajectory is obtained from the regression func-
tions of basic features.

We carried out two experiments with different
feature sets. First, the baseline system used sta-
tionary (12-MFCC and log energy) and dynamic
features (the first derivatives of the stationary fea-
tures), while the SFHMM used segmental features
based on the stationary features. Table 1 shows the

Table 1
The phoneme recognition accuracy I of SFHMM and con-
ventional HMM

Systems Single mixture Two mixtures
Baseline 52.8 56.1
N=3 R=2 51.0 54.0
N=3 R=3 51.5 54.3
N=5 R=2 51.6 54.6
N=5 R=3 52.9 55.8
N=5 R=4 53.1 56.3
N=5 R=5 53.2 56.4

The baseline system uses stationary features (12-MFCC and log
energy) and their first derivatives, while the SFHMM uses
trajectories based on the stationary features.

performances (accuracies) of the baseline and
SFHMM systems according to different features.

In these experiments, if the segment length and
the regression order are equal, then goodness-of-fit
(estimation error of trajectory) is zero. When the
segment length is five and the regression order is
greater than three, the SFHMM outperforms the
conventional HMM.

We conducted an additional experiment, ex-
panding the basic feature set for the baseline sys-
tem and for the trajectory features of SFHMM.
The baseline system used second derivatives of the
stationary features, and the trajectories of the
SFHMM were calculated by including the first
derivatives of the stationary features. The recog-
nition results are shown in Table 2.

The proposed method always outperforms the
baseline system in these experiments. From the
experimental results, we believe that the proposed

Table 2
The phoneme recognition accuracy II of SFHMM and of
conventional HMM

Systems Single mixture Two mixtures
Baseline 52.6 57.0
N=3 R=2 54.4 58.1
N=3 R=3 54.7 58.5
N=5 R=2 54.6 58.7
N=5 R=3 55.6 59.9
N=5 R=4 55.6 60.1
N=5 R=5 55.6 60.1

The baseline system uses stationary features and their first and
second derivatives, while the trajectory for the SFHMM is
obtained from the stationary features and their first derivatives.
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approach, using trajectories based on stationary
features, can represent the dynamics of a speech
signal as effectively as a method using dynamic
features. When we considered the trajectory on the
first derivatives of the stationary features, we ob-
tained better results than the baseline system in-
cluding the second derivatives of the stationary
features. Therefore, in the following experiment,
SFHMM will use the trajectory based on both
stationary and dynamic features.

4.1.2. Characteristics of segment length and regres-
sion order

We found that the segmental features based on
both stationary and dynamic features could rep-
resent speech patterns effectively in the previous
experiment. In this section, we will examine the
characteristics of segment length and regression
order in representing the trajectories.

The baseline systems used 26 feature vectors (12-
MFCC, log energy and their first derivatives) and
these vectors derived the segmental features (poly-
nomial trajectories). As mentioned in the previous
section, “baseline system” refers to the SFHMM
with N = 1 and R = 1. In this condition, the base-

line system is identical to conventional HMM. The
other systems are the SFHMM with different seg-
ment lengths (V) and regression orders (R).

Several experiments were performed to find the
effect of different segment lengths and regression
orders. The experimental environments were the
same as the previous experiment and the recogni-
tion results are reported in Tables 3 and 4.

Better performance was achieved when the
segment length was longer and the regression or-
der was higher in SFHMM. It may be inferred
from these results that the different condition of
the segment length or regression order affects the
performance. The percent correct rose and the
substitution error fell if the regression order in-
creased for the same segment length. This means
that discrimination increased by higher regression
order in the same segment length. However, if the
segment length increased with the same regression
order, the insertion and substitution errors de-
creased, but the deletion error increased. In this
case, better accuracies can be obtained with the
increase in deletion error because the sum of re-
duced errors is greater than the increased error. It
is therefore considered that the amount of transi-

Table 3

Overall recognition results with single mixture for different segment lengths N and regression orders R
SFHMM %Corr. %Acc. %Subs. %Del. %Ins. %Err.
Baseline 58.0 52.8 29.5 12.5 5.2 47.2
N=3 R=2 59.4 54.4 28.5 12.1 49 45.6
N=3 R=3 59.6 54.7 28.3 12.1 49 453
N=5 R=2 58.9 54.6 28.0 13.1 4.3 454
N=5 R=3 60.0 55.6 27.5 12.5 44 444
N=5 R=4 60.1 55.6 27.4 12.5 4.5 444
N=5 R=5 60.1 55.6 27.4 12.6 4.5 444

Table 4

Overall recognition results with 7rwo mixtures for different segment lengths N and regression orders R
SFHMM %Corr. %Acc. %Subs. %Del. %lns. Y%Err.
Baseline 62.5 56.1 27.3 10.2 6.4 43.9
N=3 R=2 63.7 58.1 26.3 10.0 5.6 41.9
N=3 R=3 64.1 58.5 26.1 9.9 5.6 41.5
N=5 R=2 63.8 58.7 25.7 10.5 5.1 41.3
N=5 R=3 65.0 59.9 24.9 10.1 5.1 40.1
N=5 R=4 65.3 60.1 24.8 9.9 5.2 39.9
N=5 R=5 65.2 60.1 24.8 10.0 5.1 39.9
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tional information grows if the segment is wider
for the same regression order because of a reduc-
tion in insertion and substitution errors.

Relative to the baseline system, the reduction in
error rate ranges from 3.3% to 5.9% for a linear
trajectory system (R = 2), and from 4.0% to 8.7%
with a quadratic trajectory system (R = 3). From
the above results, if the segment is long, its re-
gression order is high, and the number of mixtures
for state modeling is small, the performance does
not improve any further. This result indicates that
if a long segment is modeled by a higher regression
order, its variability increases and more mixtures
are necessary for appropriate modeling. In Table
3, when the segment length is five and the regres-
sion order is greater than two, accuracies are the
same. However, if we increase the number of
mixtures, the accuracies are the same when the
regression order is greater than three in Table 4.
Hence, if we use a large number of mixtures, the
performance of SFHMM with a different regres-
sion order may be different.

4.2. Vowel classification

In this section, we describe experiments for
examining the effect of different variance estima-
tion techniques. To compare the performances of
SFHMM with different variance representations,
we chose the vowel classification task so that the
experimental environment is similar to that of
previous work (Gish and Ng, 1996; Fukada et al.,
1997). For the vowel classification task, we ex-
tracted the 16 vowels: 13 monophthongs /iy, ik,
ey, eh, ae, aa, ah, ao, ow, uw, uh, ux, er/ and three
diphthongs /ay, oy, aw/. The vowels were excised,
using the given phonetic segmentations, from the
TIMIT corpus without any restrictions on the
phonetic contexts of the vowels. In this experi-
ment, we used the segmental features based on a
26-dimensional basic feature (12-MFCC, log en-
ergy and their first derivatives). After the tokens
were extracted from training and testing sentences
of the TIMIT corpus, 41,429 tokens were em-
ployed for training and 15,119 tokens were used
for testing.

We conducted the experiments by changing the
number of mixtures, segment length and regression

order for SFHMM. If the time-varying variance
approach was adopted for SFHMM, variance was
calculated for each frame of segments occurring in
a state. However, if the SFHMM used the fixed
variance approach, the variance of a segment was
calculated by averaging the variances of frames in
it. Table 5 shows the performance of SFHMM
with time-varying variance and the recognition
results of SFHMM with fixed variance are shown
in Table 6.

In these tables, we obtained 61.1% correct per-
formance if two mixtures were used. This result is
less than those of the previous work (Gish and Ng
(1996) reported 66.06% for best performance and
Fukada et al. (1997)’s result is 66.2%). Even if our
system shows low performance, these results can
be relatively comparable because the experimental
environments, such as the data set, the number of
mixtures, and the regression order of the mean
trajectories, are mismatched. Gish and Ng (1996)
used full covariance matrix and eight mixtures,
and Fukada et al. (1997) employed up to nine
mixtures for their best performance.

Table 5
Vowel classification performance of SFHMM with time-vary-
ing variance

Systems Single mixture Two mixtures
Baseline 55.23 58.44
N=3 R=2 56.86 59.56
N=3 R=3 57.21 59.64
N=5 R=2 58.77 60.43
N=5 R=3 58.79 60.84
N=35 R=4 58.76 60.88
N=5 R=5 58.74 60.86
Table 6

Vowel classification performance of SFHMM with fixed vari-
ance

Systems Single mixture Two mixtures
Baseline 55.23 58.44
N=3 R=2 56.12 59.90
N=3 R=3 56.12 59.87
N=5 R=2 56.99 59.90
N=5 R=3 56.86 60.14
N=5 R=4 56.70 61.10
N=5 R=5 56.68 60.94
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When the time-varying variances were applied
to SFHMM with a single mixture, its performance
was improved by varying the segment length and
regression order. If the SFHMM took the fixed
variance approach with a single mixture, the per-
formance improvement was not as high as when
the time-varying variance approach was used.
However, if we increased the number of mixtures
to describe SFHMMs, the difference of perfor-
mance between the two approaches was very
small. The recognition results of the SFHMM with
fixed variance were even higher than those of the
SFHMM with time-varying variance were.

This result is in contrast to results of previous
work. We think that this phenomenon was caused
by small segment lengths. In the previous work,
the complete trajectory was used to model the
segment and the segment corresponded to an
acoustic model such as a phone. Thus, the segment
length was longer than that of SFHMM. If the
segment is wider, fixed variance cannot represent
the variability of a segment. However, if the seg-
ment is as narrow as that of SFHMM, common
variance can express its variability when more
mixtures are used. As a result, we examined whe-
ther, if a segment length is small (smaller units are
used) and multiple mixtures are used to represent
SFHMM, the fixed variance approach could be
applied to SFHMM without loss of performance.

4.3. Discussion

The experiments described in this section have
demonstrated that SFHMMs can perform better
than HMMs both for phoneme recognition and
for vowel classification. We performed experi-
ments to find the characteristics of segmental fea-
tures by comparison between conventional HMM
and SFHMM. Conventional HMM uses station-
ary and dynamic features together, while SFHMM
uses segmental features based on the stationary
features. Comparison shows that SFHMM with
segmental features performs better than conven-
tional HMM when longer segmental lengths and
higher regression orders are used. If SFHMM uses
the polynomial segmental feature based on both
stationary and dynamic features, the performance
improvement is high. Thus, we consider that the

segmental features are effective in speech process-
ing.

We also conducted experiments on the pho-
neme recognition task to examine the characteris-
tics of SFHMM by changing the segment length
and regression order. From the experiments, we
obtained some interesting results: discrimination
power increases if the regression order increases
for the same segment length, and the amount of
transitional information grows if the segment
length is long for the same regression order in
SFHMM.

Finally, we tried to reduce the number of free
parameters without loss of performance. In this
experiment, we compared performance using dif-
ferent variance estimation techniques. The time-
varying variance approach represents the variance
of frames of segments occurring in a state indi-
vidually. In contrast, the fixed variance approach
considers that the variance of a state can be
obtained by averaging all variances of frames in
segments. The two approaches were compared
using SFHMM. In the experimental results, if the
single mixture was used to model the state of
SFHMM, the performance with time-varying
variance was better than that with fixed variance.
However, when multiple mixtures were used, the
difference in performance was small. Hence, we
can argue that the fixed variance approach is ef-
fective when the segment length is small.

Even though improvements in recognition
performance have been demonstrated with the
proposed method, one may suspect that the per-
formance improvement is due to more free pa-
rameters. Comparisons of the numbers of free
parameters are shown in Table 7.

Table 7

Comparison of the number of free parameters in a state for
conventional HMM and SFHMMs (D =feature dimension,
R=regression order, N =segment length, /= variance dimen-
sion: D x D or 1 x D by full or diagonal covariance)

Systems For For
mean variance
Conventional HMM 1 xD V
SFHMM (time-varying variance) RxD NxV
SFHMM (fixed variance) RxD V
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In this table, we do not consider the design
matrix because it has a fixed number of rows
and columns and each element is automatically
determined if segment length and regression order
are defined. The number of free parameters of
SFHMM is greater than that of conventional
HMM when the fixed variance or time-varying
variance approaches are used. However, the seg-
mental feature can include more information than
stationary and dynamic features because the dy-
namic features represent the average variabilities
for a set of frames, while the segmental features
consider the trend of features in a segment.

We can generally set the number of parameters
of conventional HMM to be equal to that of
SFHMM by adjusting the dimensionality of the
feature vectors. If the HMMs use the first-time
derivative features and the SFHMMs use only
static features with the regression order of two and
fixed variance, the number of parameters in the
models is the same. In this condition, we can
compare the relative performance of the models
without performing additional experiments. From
the previous experiments, we found that the per-
formance of fixed variance model is similar to that
of time-varying variance system when two mix-
tures are used. Thus, we can guess the performance
of the fixed variance SFHMM in Table 1. As a
result, the performance of the SFHMM is worse
than that of the HMM in case of the same number
of parameters. This result can be explained by
the variability of the mean trajectory. The time-
derivative feature is expressed as a single term in-
dicating the average variability of a segment and
the segmental feature is represented by the poly-
nomial trajectory. This means that the variability
of trajectories is represented by the variabilities of
multiple frame features and the variability of mean
trajectories in each mixture of SFHMM is higher
than that of mean vectors in mixtures of HMM.
The difference between the performances of both
models can be decreased by increasing the number
of mixtures or model units to reduce the average
variability in each mixture of SFHMMs. There-
fore, though the worse results are currently ob-
tained with the same number of free parameters,
studies for new models that have more informa-
tion are necessary and they can be meaningful.

From this point of view, we think that the pro-
posed method is valuable even if the number of
parameters is greater than that of conventional
HMM.

5. Conclusions

We have proposed a new modeling method for
continuous speech recognition that uses segmental
features represented by polynomial trajectories. By
selecting a design matrix that is symmetric with
respect to the current frame, our approach can
represent the transitional information between
adjacent units. For SFHMM, we present a basic
mathematical analysis and a Baum-Welch-like
parameter re-estimation formula within HMM
concepts. Thus, this method can be regarded as an
extension or a generalization of a conventional
HMM and a parametric trajectory model.

We conducted several experiments to find the
effectiveness of SFHMM and the characteristics
of the segmental features based on polynomial
regression functions. We first compared the rec-
ognition results of conventional HMM using
stationary and dynamic features with the perfor-
mance of SFHMM using segmental features based
on the stationary features. The experimental re-
sults show that the proposed segmental features
are as effective as the combination of stationary
and dynamic features.

To obtain the characteristics of the variability
of a segment, experiments using the phoneme
recognition task were performed using changes of
the segment length and the regression order in
SFHMM. The recognition results showed that
discrimination power increases if the regression
order is higher for the same segment length and
that the amount of transitional information grows
if the segment is wider for the same regression
order in SFHMM. The proposed method gave
consistently better performances than conven-
tional HMM, if the segmental window was wide
and the regression order was high. Thus, we think
that SFHMM can represent the temporal corre-
lation between speech frames and partial context-
dependent (CD) information, i.e. transitional
information, if explicit CD modeling is not used.
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In the last experiments, we tried to reduce the
number of parameters without loss of perfor-
mance. To reduce the number of parameters for
representing a segment, the fixed variance ap-
proach is considered to represent all variances of
frames of segments occurring in a state as an av-
erage (or common) variance, in contrast to the
time-varying variance approach in which each
frame in a segment has an individual variance. The
experimental results with different variance esti-
mations show that the approach reflecting the
temporal variability of frames has better perfor-
mance than that of constant variance with single
mixture. However, if the number of mixtures is
increased, the difference of recognition results be-
tween the two approaches is small. Thus, we be-
lieve that the fixed variance approach is effective
on small segment units.
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