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ABSTRACT

This paper proposes an algorithm for speech parame-
ter generation from continuous mixture HMMs which
include dynamic features, i.e., delta and delta-delta
parameters of speech. We show that the parameter
generation from HMMs using the dynamic features
results in searching for the optimal state sequence
and solving a set of linear equations for each possi-
ble state sequence. To solve the problem, we derive a
fast algorithm on the analogy of the RLS algorithm
for adaptive filtering. We show that the generated
speech parameter vectors reflect not only the means
of static and dynamic feature vectors but also the co-
variances of those. An example presenting effective-
ness of the proposed algorithm in speech synthesis is
given.

1. INTRODUCTION

The hidden Markov models (HMMs) can model se-
quences of speech spectra with well-defined algorithms,
and have successfully been applied to speech recog-
nition systems. From these facts, we surmise that
HMMs are also useful for speech synthesis. Actu-
ally, some attempts have been made in this context
1], [2], 3], [4]. If we can synthesize speech from
HMMs, it will be feasible to synthesize speech with
various voice quality by applying fast speaker adapta-
tion techniques used in HMM-based speech recogni-
tion, and synthesis units can be selected automat-
ically based on the model clustering and splitting
methods. In addition, it is expected that the speech
synthesis method is applicable to speech enhance-
ment, vector quantization of speech spectral parame-
ters [5], voice conversion, etc.

From this point of view, we have proposed an algo-
rithm [6] for speech parameter generation from single-
mixture HMMs with dynamic feature, i.e., delta pa-
rameter of speech. In this paper, we propose an al-
gorithm for continuous mixture HMMs which include
delta and delta-delta parameters of speech. We show
that the dynamic features play an important role in
speech parameter generation from HMMs, that is, by
using dynamic features, the generated speech param-
eter vectors reflect not only the means of static and
dynamic feature vectors but also the covariances of
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those, whereas, without dynamic features, the gen-
erated speech parameter sequence reflects only the
means of static feature vectors.

2. PROBLEM

For a given continuous mixture HMM X, we con-
sider mixture components to be sub-states in a simi-
lar manner of the Viterbi algorithm, and maximize
P[Q, O|A] with respect to speech parameter vec-
tor sequence O = [0}, 03, ..., o’T]' and sub-state se-
quence Q = {(¢1, 11), (g2, %2), -- -, (gr, ir)}, where
(g, 7) indicates the -th mixture of state g.

In this paper, we assume that the speech param-
eter vector o; at frame ¢ consists of the static fea-
ture vector ¢; = [ei(1), ¢:(2), ..., et(M)] (e.g., cep-
stral coeflicients) and the dynamic feature vectors
Acy, A%c; (e.g., delta and delta-delta cepstral coef-
ficients, respectively), that is, o, = [c}, Ac}, A%c}].
By setting A®¢, = ¢;, AV¢;, = Acy, AP, = Acy,
we can define

{n)
A(n)Ct = Z w(n)(z) Ciyqy, N = 0, 1, 2 (1)

i=—L(n)

where L(® = 0, w(®(0) = 1.

To control temporal structure appropriately,
HMDMs should incorporate state duration. Heuristic
duration densities can also be used for this purpose.
Thus, the logarithm of P[Q, O] A] can be written as

K T
log PIQ, O|A] = a ) _logp,,(dy) + ) logcy,, s,

k=1 t=1
1 _

—5(0- U0 -p)
1 3MT

—=log|U| - log2r  (2)
2 2

where
’ !
H = [l‘l‘;hil) quz,»;za oy u’;T,iT] (3)

U= diag{U‘Zlail’ qu,izv LR UQT,iT]v (4)

and ¢g,i, p,, ;, and Uy, ;, are the mixture weight,
the 3M x 1 mean vector and the 3M x 3M covari-
ance matrix associated with %;-th mixture of state
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g+, respectively. We assume that the total number
of states which have been visited during 7" frames is
K, and pg, (d,,) is the probability of d,, consecutive
observations in state g.

From (2), it is evident that P{Q, O] }] is maxi-
mized when O = g, that is, the speech parameter
vector sequence becomes a sequence of the mean vec-
tors independently of the covariance U. To avoid
this, we should maximize P[Q, O] )] with respect to
Q and O under the constraints (1) on O, equiva-
lently maximize P[Q, O|A] with respect to Q and
c = [c}, ch, ..., ¢4 under the constraints (1). In
contrast to the Viterbi algorithm, it is noted that the
dynamic programming methods cannot be used since
we have to determine Q and ¢ simultaneously.

3. SOLUTION FOR THE PROBLEM

First let us consider maximizing P[Q, O| )] with re-
spect to ¢ for a fixed sub-state sequence Q. By using
(1), log P[Q, O] }] can be rewritten as

K T
log PIQ, O|\] = &) logpe(de) + Y _ logey, s,
k=1 t=1
1 1 3MT
~=ec) — = - 1
2€(C) 3 log| U} 5108 2r (5)
where
e(c) = (We — p)' U (We — p) (6)
and
W = [W17W27 "‘)WT]I . (7)
w, = [wi®, wi, wi?] (8)
W™ = [0ar3t, - -, O w™ (=L Ing e ar,
1st (t—L(m))-th
L w0V agens ooy W (L) g,
t-th (t+L(m))-th
OMXMﬂ"'aoMXM]I7 n:07 1’27 (9)
T-th

where 0737 and Inswar denote the M x M zero ma-
trix and the M x M identity matrix, respectively.
We assume that ¢; = Oy, ¢t < 1, T < ¢, where 0
denotes the M x 1 zero vector. Thus, by setting
0log P[Q, O|\]/8c = 07y, we obtain a set of equa-
tions

Re=r (10)

where
R=WU'W (11)
r=WUlpu. (12)

For direct solution of (10), we need O(T°M3) op-
erations because R is a TM x TM matrix. When
U,,; is diagonal, it becomes O(T3M) since each el-
ement of speech parameter vector can be calculated
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Table 1: Algorithm to replace the sub-state (g, 4;) of
a frame ¢ with (G, 2¢).

Substitute ¢, P and € obtained by the previous itera-
tion to ¢, P and ¢ respectively, and calculate

©=Pw, (T.1)
v=wiT (T.2)
k= {To + (U{;it - U;{it) u}_l (T.3)

c=c¢ +k{Ug_ji, (I’Lﬁhit _W; C)

~U % (1,5, —wic) } (T4)

e=c+ (ng 5, —wi &) UL, (pg,0 —Wic)
= (#g, 0. = Wi 8) UL, (1,5, — Wic) (T.5)
P=P-k(U}, ~U ) (T.6)

independently. To obtain Q and ¢ which maximize
P[Q, O[], we have to solve (10) for every possi-
ble sub-state sequence. Fortunately, by using special
properties of (10), we can derive a fast algorithm for
determination of Q and ¢ as follows.

Assuming that a frame ¢ belongs to i;-th mixture -

of state g, let us consider replacing (g, ¢;) of the
frame ¢t with (gs, iz). The corresponding set of equa-
tions can be written as

Ré = ¢ (13)
where
R=R+w,Dw, (14)
f‘ =r+ Wy d (]_5)
— —1 —1
D= Ufft,if - Uq1>ii (16)
— -1 -1
d=Uz" pg,5 —Ug i, By, i, (17)

It can be seen that the relation between R and R
is similar to the time update property of the set of
equations for the RLS adaptive filtering [7], that is,
the rank of w; D w} is 3M whereas the rank of R is
TM. Consequently, on the analogy of the derivation
of the standard RLS algorithm, i.e., the application
of the matrix inversion lemma, we can derive a fast
algorithm for obtaining € from c recursively.

The algorithm is shown in Table 1. It is noted
that P = R™!. Since almost each element of w;
equals zero, (T.6) mainly has effect on the computa-
tional complexity, which is O(T?M?3). When U, , is
diagonal, it is reduced to O(T?M). Furthermore, if
we assume that the mean and covariance at a frame
t have the influence only on the speech parameter
vectors at S neighborhood frames, the computational
complexity is reduced to O(S?*M?) (in case of diago-
nal covariance, O(S?M)). Empirically, 30 is sufficient
value for S.
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By using the recursive algorithm, we can search
for the optimum sub-state sequence keeping c opti-
mal in the sense that P[Q, O] ] is maximized with
respect to c. For each sub-state sequence, we can
use the recursive algorithm instead of solving (10) di-
rectly. Therefore the total computational complexity
is significantly reduced.

There are many strategies to choose the frame ¢
whose sub-state is replaced. A procedure obtained
with a strategy which we chose can be summarized
as follows:

1. Initialization

(a) Determine the initial sub-state sequence Q.

(b) For the initial sub-state sequence, obtain c, ¢
and P.

2. Iteration

(a) Fort=1,2,..., T,

(i) Calculate (T.1), (T.2).

(ii) For each possible sub-state of the frame ¢, cal-
culate (T.3)-(T.5) and obtain log P[Q, O | }]
by (5).

(i) Choose the best sub-state in the sense that
log P[Q, O] )] is most increased by the sub-
state replacement.

(b) Choose the best frame in the sense that
log P[Q, O] is most increased by the sub-
state replacement.

(c) If log P[Q, O|A] cannot be increased by the
sub-state replacement at the best frame, stop
iterating.

(d) Replace the sub-state of the best frame by cal-
culating (T.1)-(T.6), and obtain &, P and &.

(e) Go to 2(a)

Since the above procedure does not search every pos-
sible sub-state sequence, the initial sub-state sequence
should be close to the optimum sub-state sequence in
order to obtain an optimal or sub-optimal solution
without a large number of iterations of the proposed
algorithm. A reasonable way is shown in the follow-
ing.

By using the Viterbi algorithm, determine state
sequence q = {¢1, g2, ..., g7} in such a way that

K
log Pla| A} = > logpg, (dy,) (18)
k=1

is maximized with respect to q. Determine mixture
sequence i = {i, i3, ..., 47} in such a way that
logeq, s, — (1/2)1og| Uy, s, | is maximized with re-
spect to i;. Assuming imaginary sub-states whose
means and covariances are given by

— 0
B o = [0, O, Ol (19)
© \7*
—1 (qut) Omxnr Onrxm
U, = (20)
0yt Orrwar Omxnm Oarxm
0M><M OMxM 0M><M
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where F‘z(;?,)z't and Uf;?,)z‘,, are the M x 1 mean vector
and the M x M covariance matrix of static feature
vector ¢; associated with i;-th mixture of state gy,

respectively, we obtain

!
€= [/—LI(O) (o) 1(0) ] (21)

g1, i1 Mz iz = Hap,ir

P = di (0) (0) (0)

P =diag [UY,, U, ..., U0 ] (22)
and £ = 0. By putting the values of iz, ;, and Uy, ;,
back with the original values of u,, ;, and U,, ;, for
t=1,2,..., T using the algorithm T times, we can

obtain ¢, P and e for the initial sub-state sequence.

4. SPEECH SYNTHESIS BASED ON HMM

Although we suppose that mel-cepstrum is used as
speech parameter, the LPC-derived mel-cepstrum is
not proper for synthesizing speech by the following
reasons. Because of the truncation of mel-cepstral co-
efficients, it does not represent the original spectrum
obtained by the LPC analysis, and we cannot obtain
stable LPC synthesis filter from the LPC-derived mel-
cepstrum. Similarly, MFCCs (Mel Frequency Cep-
strum Coefficients), which are calculated by FFT-
based band pass filtering, are not suitable for syn-
thesizing speech. We have proposed a speech analysis
method [8] and a speech synthesis method [9] in which
speech spectrum is represented by mel-cepstrum con-
sistently. In the mel-cepstral analysis method, speech
spectrum is modeled by M mel-cepstral coefficients,
and a spectral criterion is minimized with respect to
the mel-cepstral coefficients. By using the MLSA
(Mel Log Spectral Approximation) filter [9], [8], we
can synthesize speech from the mel-cepstral coeffi-
cients, directly. This analysis-synthesis method is
quite suitable for the method proposed in this paper.

The whole procedure for speech synthesis can be
summarized as follows:

1. Training

(a) By using mel-cepstral analysis method, obtain
mel-cepstral coefficients of speech database.
(b) Train phoneme HMMs.

2. Synthesis

(a) Concatenate phoneme HMMs according to the
phoneme sequence translated from the text to
be synthesized.

(b) Obtain a sequence of mel-cepstral coefficients
vector by applying the proposed algorithm to
the concatenated HMM.

(c) Synthesize speech by the MLSA filter.

HMMs can be context dependent, and the units of
HMMs can be other than phonemes. Since the spec-
trum corresponding to p, ; is the average of differ-
ent speech spectra, its formant structure may become
vague. A possible way to avoid this situation is to find
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the best training vector which maximizes the output
probability of the sub-state (g, ¢) and substitute it for

,"’q,i'

5. EXAMPLE

A simple experiment of speech synthesis was carried
out using the ATR Japanese data base. Data from
one speaker (speaker MHT) was used. We used 25
different phoneme models plus an additional silence
model sil, i.e., 26 models in all. The type of HMM
used was a continuous Gaussian 3-mixture model.
The diagonal covariances were used. All models were
3-state left to right models with no skips. The heuris-
tic duration densities were calculated after the train-
ing. The feature vector comprised of 16 mel-cepstral
coeflicients including the 0-th coefficient, and their
delta and delta-delta coefficients. Mel-cepstral coef-
ficients were obtained by the mel-cepstral analysis.
The signal was windowed by a 25.6ms Blackman win-
dow with a 5ms shift.

Fig. 1 shows the spectra calculated from the mel-
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Figure 1: An example of parameter generation from
an HMM composed by concatenation of phoneme
models; sil, n, a, y, a, m, u, sil, (a) without dy-
namic features, (b) with delta, and (c) with delta and
delta-delta
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cepstral coefficients generated by the HMM, which
is composed by concatenation of phoneme models;
sil, n, a, y, a, m, u, sil. Without the dynamic
features, the parameter sequence which maximizes
P[Q, O] )] becomes a sequence of the mean vectors
(see Fig. 1(a)). On the other hand, Fig. 1(b) and
Fig. 1(c) show that appropriate parameter sequences
are generated by using the static and dynamic fea-
tures. Looking at Fig. 1(b) and Fig. 1(c) closely, we
can see that incorporation of delta-delta parameter
improves smoothness of generated speech spectra.
From informal listening tests of synthesized speech,
it has been observed that without dynamic features
discontinuity is perceptible whereas with dynamic fea-
tures the synthesized speech is quite smooth. The
deference between the speech quality with delta and
that with delta and delta-delta is relatively small.

6. CONCLUSION

We have proposed an algorithm for speech parame-
ter generation from continuous mixture HMMs using
delta and delta-delta parameters. It has been shown
that incorporating the dynamic features is essential
to generate speech parameters from HMMs. It is ex-
pected that the algorithm is useful for speech syn-
thesis by rule, speech enhancement, voice conversion,
quantization of speech parameters, etc. Our future
work will be further reduction of the computational
complexity, and implementation of a speech synthe-
sis system, which can synthesize speech with various
voice qualities and emotions.
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