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Abstract

We propose a methodology of speech segmentation in which the
LSF feature vector matrix of a segment is reconstructed optimally
using a set of parametric/non-parametric functions. We have ex-
plored approximations using basis functions or polynomials. We
have analyzed the performance of these methods w.r.t. phoneme
segmentation (on 100 TIMIT sentences) and reconstruction er-
ror based on spectral distortion (SD) measure. We study how
amenable these methods are to quantization and their suitability
for speech coding. We also estimate the optimum number of seg-
ments depending on the reconstruction performance achieved
using that many number of segments and the tolerance limit set
on the spectral distortion error.

1. Introduction
Speech segmentation and LSF quantization are two differ-

ent problems in speech processing, generally addressed inde-
pendently. Both are important problems in their own respect,
segmentation being mainly used for speech recognition appli-
cations and LSF quantization for speech coding purposes. We
explore both these problems together, to aid each other. We
formulate optimum segmentation as best reconstruction using
minimum number of parameters, derived per segment.

Shiraki and Honda [2] have proposed a joint segmentation
and quantization method, in which a matrix codebook (of LSF
vectors) is used for segment quantization. In their two step ap-
proach, the maximum likelihood (ML) segmentation [3] and
segment quantization are iterated successively. We have shown
that ML segmentation proposed in [3] is quite robust to noise
[5]; also, we have explored new features for segmentation [6]
which performs comparably to ML segmentation.

The temporal decomposition approach for feature vector
reconstruction was proposed in [1] which exploits the slowly
time-varying nature of the feature vector. In [4], dynamic
programming (DP) was used to optimize the temporal de-
composition model parameters. In this paper, we explore the
use of time-compact basis functions to reconstruct the LSF
contours, through a sequential optimization approach. An
alternate approach of using the principal eigen vectors of the
segment matrix is also formulated. In our approach, each
time-compact basis function or a polynomial is disjoint from
the rest and solved to minimize the segment reconstruction error.

2. Problem Formulation
Let Y denote the feature vector matrix corresponding to

a particular segment. Let A be the matrix (in some parameter
space) derived from Y , and we obtain the reconstructed segment

matrix Ŷ from A. We define 2 functions- f1, f2 to map Y to A

and A to Ŷ , respectively.

A = f1(Y ) (1)

Ŷ = f2(A) (2)

Our aim is to minimize the squared error distance betweenY
and Ŷ , such that the cardinality of A (or from a quantization per-
spective, the number of bits needed to represent A) is also min-
imized. We have experimented with various choices of f1 (f2
becomes fixed depending onf1) which decides the intra-segment
distortion measure and have used DP to minimize the total intra-
segment distortion over a given speech utterance. We also ver-
ify the accuracy and consistency of the resultant segments as
units corresponding to distinct speech events. Phonemes can
be considered as representing different speech events, and so
we match the automatically obtained segment boundaries with
manual TIMIT boundaries. Finally, we obtain a quantifiable esti-
mate for the optimum number of segments, for a given utterance,
based on the reconstruction error for DP based formulations.

2.1. DP Based Solution For ML Segmentation

Given a certain dataset of T observation vectors
X1, X2, ..., XT , and a pre-fixed number of segments, say M
(to span the entire dataset), then ML segmentation [3] uses the
following recursive equations:

Dintra(i, j) = min
(i−1)≤k<j

{Dintra(i− 1, k) + δ(k + 1, j)}, (3)

ψ(i, j) = arg min
(i−1)≤k<j

{Dintra(i− 1, k) + δ(k + 1, j)}, (4)

where 2 ≤ i ≤ M is the segment index, i ≤ j ≤ T is the frame
index, and Dintra(i, j) denotes the cumulative intra-segment
distortion incurred from frame 1 to frame j, which is spanned
by i segments and ψ(i, j) is the backtracking pointer used to
obtain the optimum location of (i − 1)th segment boundary.
For ML segmentation, the intra-segment distortion is given by:

δ(k + 1, j) =

j∑

l=k+1

d(Xl, µ), (5)

where d(, ) is a positive distortion measure, the segment consists
of Xk+1, ..., Xj , and µ is the centroid of the segment, defined
based on d(, ). For ML segmentation, we have used squared
Euclidean distance as d(, ).

In the context of LSF matrix reconstruction, let y and ŷ
denote the original and reconstructed LSF matrices, respec-
tively. Each vector y[n], corresponding to frame index n, is
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p-dimensional and let yi[n] denote its ith dimension. The
intra-segment distortion δ(sj , fj) for the jth segment, which
extends from frame sj to frame fj , can be expressed as:

Ej = δ(sj , fj) =

p∑

i=1

fj∑

n=sj

(yi[n]− ŷi[n])
2 (6)

for the squared Euclidean distance measure. Depending on our
choice of f1, f2 in (1) and (2), ŷ will vary and so will δ(sj , fj).
In all our formulations, we shall consider the jth segment, that
stretches from frame sj to fj , and we shall find the model pa-
rameters in A (1), such that Ej is minimized. Given the no.
of segments M , we use DP recursion to find optimum segment
boundaries {bi}Mi=1 such that

∑M
j=1 Ej is minimized.

2.2. Segmental Basis Functions Through Sequential Opti-
mization

Using the temporal decomposition [1] terminology, letφj [n]
be the bounded basis function for the jth segment, and the re-
constructed LSF contour be given by:

ŷi[n] = ai.φj [n]; 1 ≤ i ≤ p, sj ≤ n ≤ fj (7)

The goal is to find {ai}pi=1 and {φj [n]}fjn=sj
by sequential op-

timization. Thus,

∂Ej

∂ai
= 0 ⇒

fj∑

n=sj

(yi[n]− ai.φj [n])(−φj [n]) = 0 ⇒

ai,opt =




fj∑

n=sj

yi[n].φj [n]/

fj∑

n=sj

φ2
j [n]


 ; 1 ≤ i ≤ p (8)

We then use this {ai,opt}pi=1 to get optimum {φj [n]}fjn=sj
.

∂Ej

∂φj [n]
= 0 ⇒

p∑

i=1

(yi[n]− ai.φj [n])(−ai) = 0 ⇒

φj,opt[n] =

[
p∑

i=1

yi[n].ai/

p∑

i=1

ai
2

]
; sj ≤ n ≤ fj (9)

We use this {φj,opt[n]}fjn=sj
to again optimize {ai,opt}pi=1. This

optimization procedure is found to converge in a few iterations.
The initial choice for φj [n] is φj [n] =

1
p

∑p
i=1 yi[n] . If the

length of the jth segment is greater than p, the principal eigen
vector of the segment matrix corresponds to the optimum solu-
tion of φj [n]. The basis function φ[n] for the entire utterance of

N frames is given by: {φ[n]}Nn=1 =
⋃

j

{φj [n]}fjn=sj
, where the

disjoint functions φj [n] are defined for duration of jth segment
only, i.e. sj ≤ n ≤ fj .

2.3. Singular Value Decomposition (SVD) Based Formula-
tion

Generalizing the previous approach, we have experimented
with feature vector reconstruction using a subset of the principal
eigen vectors, obtained through SVD of the segment matrix. The
number of principal eigen vectors=r (1,2,3) is called the order
of reconstruction. Since we are performing SVD, we have to
impose a duration constraint on each segment, whose length
should be greater than or equal to the vector dimension p.

ŷi[n] =
r∑

m=1

aim.um[n]; 1 ≤ i ≤ p, sj ≤ n ≤ fj , (10)

where um[n] denotes the mth principal eigen vector corre-
sponding to frame n. Again,

∂Ej

∂aik
= 0 ⇒

fj∑

n=sj

(yi[n]−
r∑

m=1

aimum[n])(−uk[n]) = 0 ⇒

aik =

fj∑

n=sj

yi[n]uk[n]; 1 ≤ i ≤ p, 1 ≤ k ≤ r, (11)

using the orthonormal property of the eigen vectors. Now, if
um[n] are quantized (to uq

m[n]), strict orthonormality may not
be maintained and aik can be solved from the following set of
linear equations (for 1 ≤ i ≤ p, 1 ≤ k ≤ r):

fj∑

n=sj

yi[n]u
q
k[n] =

fj∑

n=sj

(
r∑

m=1

aimuq
m[n]

)
uq
k[n] (12)

2.4. Polynomial Representation of LSF Contour

In another approach to parametrically represent a segment
of LSFs, ŷ[n] is represented through polynomial expansion and
the polynomial coefficients are obtained through a least squares
minimization. Using polynomials of degree r, we can express
ŷ[n] as follows: ( {y[n]}fjn=sj

is the jth segment matrix)

ŷi[n] =
r∑

�=0

ai�.

(
n− sj
fj − sj

)�

; 1 ≤ i ≤ p, sj ≤ n ≤ fj (13)

We find {ai�}i=p,�=r
i=1,�=0 so as to minimize Ej (6), by solving the

following set of linear equations.
∂Ej

∂ai�
= 0 leads to:

fj∑

n=sj

yi[n]

(
n− sj
fj − sj

)�

=
r∑

k=0

aik

fj∑

n=sj

(
n− sj
fj − sj

)k+�

(14)

3. Segmentation Performance
We compare the segmentation performance of the sequential

optimization scheme and the polynomial based approach to that
of ML segmentation (Sec. 2.1) in Table 1. The feature vectors are
(p=10) LSFs, obtained with an analysis window of 20 ms, and
window shift of 10 ms. The experiments have been conducted
on 100 sentences (Fs=16KHz) - from the TIMIT database- of
10 female speakers. The speech data has a SNR of 36 dB, on an
average, with respect to background noise in the silence regions.
We repeat the experiment with simulated noisy speech at SNR
of 20, 10 and 5 dB. All the segmentation algorithms use the
same no. of segments as in the TIMIT database. If the obtained
boundary is within ±20 ms of a TIMIT boundary, we call it
a ‘match’(M); if two consecutive boundaries match, we count
it as a ‘segment match’(S); also, insertions(I) and deletions(D)
are noted, keeping the ±20 ms constraint. In Table-1, “poly-p"
denotes polynomial expansion (of degree p) based method.

From Table-1, we can see that sequential optimization and
polynomial expansion (of degree 2) perform better than ML,
even at low SNR. For SVD-based approach, the minimum al-
lowed segment length=10 frames, and hence is not suitable for
phonemic segmentation (phonemes having shorter duration of
2-4 frames, like stops, bursts and closures will be missed). It is
observed that for the sequential optimization method, the seg-
ments provided byφ[n] are homogeneous within themselves. We



Method SNR (dB) M% I% D% S%

ML 36 81.4 16.6 18.6 53.0
Seq-Opt 36 83.2 18.6 16.8 56.2
poly-1 36 78.2 20.3 21.8 46.3
poly-2 36 82.7 20.2 17.3 53.7

ML 20 80.7 20.8 19.3 52.8
Seq-Opt 20 80.6 20.5 19.4 52.0
poly-1 20 75.5 22.1 24.5 42.0
poly-2 20 81.2 21.7 18.8 50.4

ML 10 75.2 25.4 24.8 45.3
Seq-Opt 10 75.7 25.0 24.3 44.8
poly-1 10 72.8 24.8 27.2 38.4
poly-2 10 76.5 26.5 23.5 43.6

ML 5 72.2 28.0 27.8 41.0
Seq-Opt 5 72.3 28.0 27.7 40.7
poly-1 5 70.3 27.1 29.6 34.8
poly-2 5 73.1 30.3 26.9 38.9

Table 1: Segmentation Performance of ML with our Proposed
Methods

illustrate this with an example speech utterance in Fig. 1. Fig. 2
illustrates the smoothness of the LSF vector contours and the
closeness of the polynomial approximation.
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The basis function, φ[n], is plotted along with signal x[n]
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Figure 1: Segment boundaries, obtained through sequential op-
timization, are superimposed on signal x[n] and basis function
φ[n], for first 2.5 sec of sentence sa1.wav (Fs=16KHz); n is
sample index

4. LSF Matrix Reconstruction Performance
Let us define “coding gain" (C.gain in Table 2) as the ratio of

the number of terms in the original LSF matrix to the number of
terms used by the reconstruction scheme (#terms in Table 2); i.e.
n(Y )
n(A)

, from (1). The expressions of coding gain for the various
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Figure 2: Reconstruction of LSF Contours through polynomial
expansion (order 2), for first 5 components of LSF vectors for
first 100 frames of the sentence si1148.wav, with segment bound-
aries superimposed

approaches are given below. Let the input LSF matrix have N
frames, with vectors of dimension p, and let M segments be
used for reconstruction. Let r denote the number of principal
eigen vectors being used in SVD-based approach, and also the
polynomial order for polynomial expansion based method.

For SVD-r case, coding gain = N×p
M(1+p×r)+N×r

For poly-r case, coding gain = N×p

M(1+p×r+1)

To measure the coding gain, we used 28953 frames of 10-
dimensional LSF vectors, and from TIMIT labeling, there were
3644 phonemic segments. In Table 2, “SVD-r" denotes SVD
based method for obtaining the basis functions, using r no. of
principal eigen vectors. We vary M , the no. of segments used
for reconstruction and observe its effect on the average spectral
distortion error for the different segmentation schemes (Table
2). It can be seen that a coding gain of ∼2 is achieved with SD
≤ 1dB. This is achieved through either SVD-3 or poly-3.

5. Quantization Performance
We use the model parameters in A, as in (1) and (2), to re-

construct ŷ from y. Now, the question is how sensitive is the
reconstruction performance to quantization of A. The quanti-
zation error is to some extent compensated by including Â into
the DP minimization process based on Ej ; i.e. the quantized
version of ŷi[n], (ŷq

i [n]) is included in the expression for Ej (6)
to perform DP recursion.

For the sequential optimization and SVD based techniques,
the basis function φ[n] and the eigen functions um[n] appear
as smooth functions, and a 5-bit non-uniform pdf-dependent
optimum quantizer is suitable to represent them. Also, φ[n] and



Method M SD (dB) #terms C.Gain

Seq-Opt 3644 1.61 69037 4.20
SVD-1 1927 2.38 50150 5.77
SVD-2 1927 1.33 98373 2.95
SVD-3 1927 1.00 146596 1.98
SVD-2 1455 1.43 88461 3.28
SVD-3 1455 1.11 131964 2.20

poly-1 3644 1.46 76524 3.78
poly-2 3644 1.05 112964 2.56
poly-3 3644 0.77 149404 1.94
poly-2 2745 1.34 85095 3.40
poly-3 2745 1.08 112545 2.57

Table 2: LSF Matrix Reconstruction Performance for our Pro-
posed Methods

u1[n] are so smooth that lossless differential coding can be used
to further reduce the bitrate to 3.3-3.5 bits. To represent the
scaling terms aik (11) or ai (8), we use a 5-bit pdf-dependent
quantizer. For polynomial approximation, we quantize the
coefficients ai� (13) using 3-5 bits, and quantization robustness
is ensured as the coefficients are weighted by an integral power
of a fraction, as in (13). Since we use a maximum segment
length of 30 frames in the DP search, 5 bits are required to
transmit successive segment lengths. The calculation of bitrate
(in bits/s) for the various methods are as follows, where M is
segments/s, N is frames/s (100, for our case), and bits(α) is the
number of bits needed to quantize the parameter α:

Seq-Opt: M×10×bits(ai) + N×bits(φ[n]) + M×5
SVD-r: M×10×r×bits(aik)+N ×∑r

i=1 bits(ui[n]) + M×5
poly-r: M×(r+1)×10×bits(ai�) + M×5

Table-3 shows the avg. SD error and corresponding bitrate
for some of the proposed methods.

Method seg/s Quantization (bits/term) SD (dB) bits/s

Seq-Opt 10 ai:5, φ[n]:3.5 1.63 900
Seq-Opt 13 ai:5, φ[n]:3.5 1.50 1070
SVD-2 5 aik:5,u1[n]:3.3,u2[n]:5 1.60 1360
poly-2 10 ai�:5 1.08 1550
poly-2 10 ai�:4 1.16 1250
poly-2 10 ai�:3 1.36 950
poly-3 10 ai�:4 1.06 1650
poly-3 10 ai�:3 1.33 1250

Table 3: Comparison of Reconstruction Performance of the Var-
ious Methods on Quantization

6. Optimum Number of Segments

In all segmentation approaches, the issue of finding the opti-
mum number of segments for an utterance is not clearly resolved.
We propose here a new criterion based on the LSF reconstruc-
tion error (without quantization). In all the proposed segmenta-
tion methods, as number of segments (M ) increases, SD error
(SD(M)) decreases. We set a threshold, δth, corresponding to
transparent quality reconstruction of LSF, i.e. δth=1dB, to de-
termine the optimum number of segments, Mopt, which is given
by:

Mopt = arg min
M

{SD(M) < δth} (15)

Fig. 3 illustrates the estimation of Mopt for 2 sentences, using
polynomial approximation (order 2) and δth=1 dB. Interestingly,
the number of segments is close to the number given by manual
phonetic segmentation.
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Figure 3: Plot of SD with M for 2 TIMIT sentences (si1148.wav
in (a) and sx158.wav in (b)) and 1dB point gives Mopt=34 and
29, for (a) and (b), respectively

7. Conclusions
In this paper, we have presented DP based segmentation al-

gorithms based on LSF matrix reconstruction criteria. Of all the
methods, 2nd order polynomial approximation gives the mini-
mum spectral distortion error at similar bitrates. The novel for-
mulation also provides effective segmentation comparable to ML
segmentation, even in the presence of noise. The reconstruction
error also lends itself to define a criterion (15) for optimum num-
ber of segments in a given utterance. Polynomial representation
of LSF contours is also shown to be effective for transparent
quality quantization at ∼1.5Kb/s.
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