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ABSTRACT
We propose a new speech recognition method (HMM-trajectory
method) that generates a speech trajectory from HMMs by
maximizing their likelihood while accounting for the relationship
between the MFCCs and dynamic MFCCs. One major advantage
of this method is that this relationship, ignored in conventional

speech recognition, is directly used in the speech recognition phase.

This paper improves the recognition performance of the HMM-
trajectory method for dealing with mixture Gaussian distributions.
While the HMM-trajectory method chooses the Gaussian
distribution sequence of the HMM states by selecting the best
Gaussian distribution in the state during Viterbi decoding and
calculating HMM trajectory likelihood along with the sequence,
the proposed method compensates for HMM trajectory likelihood
using ordinary HMM likelihood. In speaker-independent speech
recognition experiments, the proposed method reduced the error
rate about 10% for the task compared with HMMs, proving its
effectiveness for Gaussian mixture components.
Index Terms— HMM, Trajectory

1. INTRODUCTION

Since HMMs model the acoustic feature vector sequence as a
piecewise stationary process, the probability of a given acoustic
feature is independent of the sequence of acoustic features
preceding and following the current feature. This means that
statistics in a HMM state are stationary, and thus HMMs cannot
treat the time-dependent characteristics of speech within that state.
This is a widely recognized drawback of speech recognition using
HMMs, even though several methods have introduced time
dependency to overcome this drawback [1][2][3][4][5]. To
introduce the speech dynamics ignored by the HMM assumption
in speech recognition, we propose a new method (hereafter the
HMM-trajectory method) that employs smoothed speech feature
trajectory generated from HMM statistics [6][7][8][9]. The HMM-
trajectory method uses the relationship between the static and
dynamic features (delta features and delta-delta features), which is
ignored in the conventional speech recognition phase despite their
important speech dynamics information. The HMM-trajectory
method generates a smooth feature vector trajectory by a Kalman
smoother that maximizes HMM likelihood while simultaneously
considering the relationships [9].

We also extended the method for dealing with mixture Gaussian
distributions [8]. The method chooses the sequence of Gaussian
distributions by selecting the best Gaussian distribution in the
state during ordinary HMM Viterbi decoding. Although in that
paper, speaker-independent speech recognition experiments
reduced error rates, when we performed an additional experiment
with a large amount of data, the error rate improvement decreased.
Perhaps our previous method only considered the best Gaussian
distribution sequences and ignored the other Gaussian
distributions in a state. In this paper, we propose a new method
that improves this drawback, explain an overview of the HMM-
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trajectory method, and formulate Gaussian mixture distributions in
it. Then compensated likelihood, which combines HMM trajectory
and ordinary HMM likelihoods, is introduced into the HMM-
trajectory method.

2. OVERVIEW OF HMM-TRAJECTORY METHOD
This section describes an overview and the theoretical aspects of
the HMM-trajectory method based on [6][7][9] as well as HMM
and HMM trajectory likelihoods. To simplify the equations, this
section treats one-dimensional speech features and a single mixture
HMM.

2.1. Definition and assumptions

Since the HMM-trajectory method wuses almost identical
parameters as in a HMM, the basic variables used in HMM are
defined as:

¥, : Static feature vector (one-dimension) at frame t
S, : HMM state in frame t

Y, =[y,,Ay,,AAy,T": Static and dynamic features at frame t

Y' =[y,+2 Ve Vo Vil y,_z]': Five frame static feature vector

Y, =CY' : Matrix equation to generate speech recognition features

from a five frame static feature vector

0 0 1 0 0
c=|1/5 1/10 0 -1/10 -1/5 An operator that
1/14 -1/28 -1/14 -1/28 1/14

generates a set of static and dynamic features: ¥, from y' (This

matrix is one realization for this purpose),

Yo YoY,,

where T is the final frame of the data and 'means the transpose of
the matrix.

After a HMM is trained, the following HMM probabilities are
obtained:

P(Y,1S,) : Emission probability at state S,
P(S,18,_,) : Transition probability from S, to §
2.2. HMM likelihood

Viterbi likelihood calculation is widely used in speech recognition

as an approximation of trellis likelihood. The likelihood
calculation for a HMM is formulated by

Py )zrpaxp(ylzr’slzr) = HYIHX[P(YI:T | SI:T)P(SI:T)]

t

r &)
:max[P(Sl)P(Y, ISHITPE, 1S)P(S, | SH)},

where P(Y,1S,)is emission probability that can be calculated by

P(Y,18,)=N(y,:fts . p5 " IN(Ay,:0u5 . Aps ") @)
N(AAy,; AAuts , AAp; *)
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N(y,s s, ,psrz) is the Gaussian distribution of y, whose mean and
variance are [ pslz. U Atg ,AAL are the HMM mean values
at S, . O-S,Z’AO-S,Z’AAO-S, are the HMM variance values at S, .
To discuss the relationship between HMM and HMM trajectory
likelihoods, we modify P(Y,1S,) into

J P(Y,1X,.S)B5(X, 1)) 3)

X,

'

where X, is

a hidden variable and Py(X,1S,) is the
multiplication of the delta functions defined as:

Py(X,18,)=0(x, — i )6 (Ax, — Auts )O(AAx, — AAuy ) . 4)
P(Y,1X,,S,) is defined as

P(Y,1X,.S,)= )
N(3,:3,. 05 N (Ay,: A%, Apg )N (AAY,:AAY, AP ?)

Using this formulation, P(Y,,|S,;) can be reformulated by
P 18,,) =TT POG1X,.S)F;(X, 1))
X,

= [ TIPO,1X,.S)TTP(X, 1S,) ©)

X 1
= | PO 1 X, Sip) P (X 17 1 Si7)-
This equation denotes that Py(X , |S,,) selects the HMM mean
sequence from X, using the HMM assumption that each state
generates the time independent mean value, and then
P, 1X,;,S,,) calculates the likelihood using the selected mean
sequence.

2.3. HMM trajectory likelihood

As shown in 2.2., in HMM likelihood calculation, Py(X ., |S,;)
selects the mean values from X, by assuming that they don’t
change in a state. If we use this assumption, for example, the mean
sequences have a contradiction: the mean values stay at the same
value while delta mean values are not zero. We believe that this
contradiction reduces recognition accuracy. To avoid this
contradiction, we introduce the following constraints for the
hidden states:

XI = [XHZ X X X xr—z]' ’ (7)
X, =[x,Ax,AAx T, ®)
X =CX' . 9)

These constraints denote that the means of delta features and delta-
delta features are generated from the sequence of the static feature
means; this assumption is quite natural considering the definition
of delta and delta-delta features. Introducing the above constraints
dynamically changes the mean values. To obtain the hidden states,
31740 (Syp) = argmaxP(X,, 1 S,7) (10)

is performed under constraints (7), (8), and (9), where P(X ., | S,;)
is the HMM probability of X, . This calculation was originally
used for speech synthesis [10]. We introduced another formulation
that uses a Kalman filter [11], which is shown in the appendix (see
also [9]). We call X ,,,,(S,,) the trajectory and define a
likelihood function along the state sequence of S, as follows:
Py 1Si) = [ PO 1 X S B (X 1S10) (n

where we define 13§(X v 18) as

ﬁﬁ(Xl:T I SI:T) =
TT8(x, = £,(S,, DS(Ax, — A%, (S, )SAAY, —AA%(S,, ) - (1)

P(Y,, 1X,;,S,,) is obtained by
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P(Y,1X,,,8.,)=T1P(Y,1X,S) , and (13)
A t

P, 1X,,S)=

N(y,3%, Ps IN(AY,; Ax,, AP, * )N (AAy,; AAx,, AAD *)’
whose variances are x, Ax, AAx, and
2 Ap, AA/?)S'2 , respectively. Note that we introduce new
variances, [)5’2 Apy? AA[)SIZ , for each HMM state. We assume that
from here x, , Ax, , and AAx, are independent of each other.
Although if the state sequence is given, likelihood can be
calculated, and the actual state sequence is unknown. Assuming
that the state transition probability is identical to HMM, the
formulation of the obtained state sequence can be calculated by
max A1, 8,p) =max [ P(Sip.Y,p X,r)

1 Xy
I P(SI:T’YI:T’XI:T)
Xy X (15)
= H;!ax .[ P()II:T I XI:T’SI:T)Pﬁ(Xl:T |Sl:T) P(SI:T)
ST Xy

= gnax ﬁ(Yl:T l Xl:r(sl:r)’sl:T)P(Sl:T)'

(14)

means and
2

= max
N

X,(S,) is obtained by
X,(S,,)=CX"(S,;), and (16)

XS =[52(8ir) $a(Sir) 308 5(Si) £2(8,0] (D)
from the sequence of % (S,,) calculated by Equation (10).
However, no efficient algorithm, such as the Viterbi algorithm,
effectively searches for the best state sequence. To approximate the
state sequence, we use the state sequence obtained by the Viterbi
algorithm using ordinary HMMs as

Sy = argmaxP(¥y, 1) P(S;) - (18)

S

Therefore the approximate trajectory and the corresponding
likelihood are calculated as

X_742(Syp) = argmaxP(X,; 1S,;) and (19)

P(Yp) = max PV 1 X, (S,7).8,)P(S,r)

A T _ (20)
= P(Y7 1 X, 7(8,0),S10)P(S, 7).

2.4 Training in trajectory likelihood
The method described in Section 2 requires training variables
M, =[6;.A6; .AAG; ]'. A simple training method called Viterbi
training is introduced to calculate variances M, for each state
along with the trajectory. The following is the basic procedure:
(1) Calculate Viterbi paths with HMM for all training data using
SMT“ =arg maxP(Ynil:T” ISI:T,,)P(SI:TH) s 21)

S,
where n is the amount of data.
(2) Generate trajectories for the training data using the Kalman
smoother whose objective function is
)Acn.—l:r,,afz(sn.lzr,, ) =arg maXP(Xl:r,, I Sn,l:T,, ) - (22)

(3) Calculate equation

piZ,AﬁiZ’AAgiZ

= argmax Zlog[P(Yn.l:T,, |Xn,1:T,, (Sn,I:T”)’Sn,]:T”)P(Sn,]:T” )]
RNV RN AN

to obtain p’,Ap,>,AAp,” , where N denotes the amount of

training data.

(23)



3. EXTENTION TO MIXTURE GAUSSIAN
COMPONENTS

In this section, we discuss an extension of the HMM-trajectory
method for treating a mixture Gaussian component framework.
Before addressing the new likelihood, an ordinary HMM
likelihood for mixture Gaussian components is discussed in 3.1,
and our previous method described in [8] is explained in 3.2. Then
we discuss the new method that compensates for HMM trajectory
likelihood in 3.3.

3.1. HMM likelihood for mixture Gaussian components

HMM likelihood for Gaussian mixture components is obtained by
P( T) maXP( LT ];T)=maxz P(ervslrvK]T)

Sir k'”
—max{z P(S,.K))P(, IS)HP(Y IS,.K)P(S,.K, ISH)}, @4
S‘I'I' KIT
where K, is a sequence of mixture component numbers.
P, 1S,,K,) is the emission probability for each Gaussian
component defined as
P 1S,.K,)=
Nl x> Ps, x INAy Al AP  IN(AAYAAL S AAD ),

(25)
P(S,,K, 1S, ) is the multiplication of transition probability from
S, to S, and the weight for the K, -th mixture component in S, .
ug X > A,us k, » and AApg o are the mean values for the K, th
component in state S, . pg 1< » Apg Kz , and AApg * are the
variance values for the K, -th component in state S, .
3.2. HMM trajectory likelihood for mixture Gaussian
components
We define the likelihood for the mixture Gaussian components as
PY;)= X P(YIT’SIT’KIT)z > J P(YIT’X]T’S]T’KIT)

Sy - Kir Sir Kir Xip

[ PO I X, 08, KB (X 1S, K ) PGS, K ) (20)

SirKir X

= ¥ P,

Sll YK\I
where )?W (S,;,K ;) can be obtained by
21712 (Sip, Ky ) = argmaxP(X 1S, K, )

with conditions (7), (8), and (9). Probability density for input
feature Y., givenS,,,K, ,is defined as
P( 1T | XI:T(SI:T’KI:T)’SI:T’KI:T) HP(Y |X (S]T’K]T)’ I’KI) ’(28)

| )21:T(S]:T’K]:T)’SI:T’KI:T )P(S]‘T’KI:T )’

@7

where frame-wise probability density P(Yr I X (S K i), S8,,K,) is
defined as

POLIX (S, K\ SK)= ,
N(y,,x (S].T’KI.T) pé,,K, )N(Ayx;AXI(S]:T’KI:T)’APS,.K, ).
N(AAy;AAR (S, 7, K, p )’AAP;‘,.K, )

P(S,;,K,,) is the multiplication of state transition probabilities
and Gaussian component weights, whose values are identical to the

29)

mixture Gaussian HMM. We introduce new
variances, P, > Aps > AAp,® , for each HMM Gaussian
component.

Obtaining Equation (26) for all combinations of S ,,K,, requires
much calculation. Instead of calculating Equation (26) for all
possible S.,.,K., , we selected S.7-K,; to maximize HMM
probability, given S,,K,,,

S1T7K1T = argmaxP (¥, | S1T7K1T)P(S]:T’K]:T) :

Sir Kyr

(30)

Using S,,,K,, , in [8] we calculated the trajectory and likelihood

as §—1:T+2(§1:T’E1:T) =argmaxP (X, | ‘§1:T’ EI:T) and 3D
P(Y,,) = Py 1 X, (S0 Ko .S, KPS K ) - 32)

3.3. Compensated likelihood for HMM-trajectory method

After we evaluated the method described in 3.2. with a large
amount of data, the error rate improvement decreased, presumably
for the following reason. If the trajectory is near the sequence of
input speech features, Equation (32) might work well. However, if
the obtained trajectory is far from the sequence of input speech
features, the likelihood value decreases, and consequently
recognition accuracy decreases because the likelihood described in

3.3. ignores term Y P X (S K ), S KPS, K,y - The

Ky7#K zandS 1 #8,;

trajectories in Y P, 1%, (S, K5 K, )P(S,. K,p) @16 smoothed

Ky #K pandS,,#5,;

sequences of HMM mean sequences along S,,.K,, . This means

the ignored likelihood values are similar to the HMM likelihood (if
we neglect the probability density for the HMM best path). We
believe that the ignored likelihood can be approximated by the
HMM likelihood. Therefore, we compensate for HMM-trajectory
likelihood with HMM likelihood in the log domain and propose a
new likelihood equation:

~ 1 N ~ - — — - _
log P(Y,;) zE]C'g(P(Yl:T X, (S5 Ko ), Sy s Kyt YP(S,7, Ko p))

1
+510g(nslaxP(Y];r,Snr))

Although a weight for the compensated likelihood might generally
be effective, we do not use one here.

4. RECOGNITION EXPERIMENTS

We performed city name recognition experiments to evaluate our
method. Table 1 shows the experimental conditions. The
evaluation task was the recognition of 100 city names. About
20,000 training utterances were used to train the tri-phone HMMs
using only male speakers. Each HMM had three states. The test
data were recognized using HMMs by a full search. State-based
segmentation was performed by the Viterbi algorithm for each
candidate to obtain state alignments for the input utterances. The
trajectory for each candidate was then generated using a Kalman
smoother. Frame-wise likelihood between the generated trajectory
and the input speech MFCC features was calculated. We used
three types of likelihood to reorder the candidates: HMM, HMM-
trajectory calculated by Equation (32), and HMM-trajectory
calculated by Equation (33).

Table 1 Conditions in experiments

Condition
Number of training sentences | 20,093
Test data 7198 city names uttered by 75 speakers
Feature parameters MFCC 1-12

16 kHz sampling rate
10 msec frame shift

Gender Male

We performed experiments under two conditions; the numbers of
mixture components in the state were either two or three.

Table 2 shows the word error rates of the experiment using two
Gaussian mixture components. To increase the experiment’s
reliability, we used three different amounts of states in the tri-
phone HMMs: 2859, 1992, and 1611. While the baseline system
obtained 2.33%, 2.27%, and 2.36% error rates at 2859, 1992, and
1611 states, respectively, HMM trajectory likelihood obtained
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2.22%, 2.13%, and 2.27%, respectively. For this task, HMM
trajectory likelihood outperforms HMM likelihood. Compensated
HMM trajectory likelihood obtained 2.06%, 2.00%, and 2.14%
error rates for the same task. Error reduction rates from HMMs
were 11.8%, 11.9%, and 9.3%, respectively. Compared with the
previous method, compensated HMM trajectory likelihood shows
better results. These results indicate that compensated likelihood
significantly improves recognition accuracy.

Table 3 shows the word error rates for the experiment for three
mixture Gaussian HMMs. We evaluated using tri-phone HMMs
with only 1992 states.

The baseline system obtained 1.89% error, and HMM trajectory
likelihood obtained 1.89%. While these two methods show
identical error rates, the proposed HMM trajectory likelihood
obtained an 1.72% error rate for the same task. The error reduction
rate was 9.0%, showing that the proposed likelihood improved
recognition accuracy more than our previous HMM trajectory
likelihood.

We compared the proposed method’s memory and calculation with
ordinary HMMs. The proposed method requires an extra variance
matrix for each HMM distribution. This means that in 1992 state
HMMs with three mixture components, 5976 extra diagonal
variance matrices are required. In this case, a full search of the
proposed method was about 10 times slower than the HMM
Viterbi full search (note that this comparison was performed using
different computer languages for two methods and full search is an
exhausted method in speech recognition).

Table 2 Word error rates (for two mixture components)

Number | HMM trajectory Compensated HMM
of states likelihood HMM trajectory likelihood
likelihood (Baseline)
2859 2.22% 2.06% 2.33%
1992 2.13% 2.00% 2.27%
1611 2.27% 2.14% 2.36%

Table 3 Word error rates (for three mixture components)

Number | HMM trajectory Compensated HMM
of states likelihood HMM trajectory likelihood
likelihood (Baseline)
1992 1.89% 1.72% 1.89%
5. CONCLUSION

This paper proposed a new speech recognition method that
improves the HMM-trajectory method and enhances the
performance of Gaussian mixture distributions. The previous
HMM-trajectory method obtained state and mixture
component sequences using the Viterbi algorithm with
ordinary HMMSs, generated the trajectory using the
information, and calculated likelihood along the trajectory.
However since this method ignores the likelihood generated
by the other sequences of the states and mixture components,
the method degraded recognition accuracy. To improve
performance, we compensated for HMM trajectory
likelihood using ordinary HMM likelihood. Our proposed
method was evaluated with speaker independent speech
recognition experiments that yielded about a 10% reduction
in error rate for evaluations with two mixture Gaussian
components and three mixture components, proving that our
method improved the recognition performance for Gaussian
mixture components.
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APPENDICES
To calculate Equation (10), we used a Kalman smoother that
models state space as

Mg =CX"+W, and (34)
X"'=AX"+N,, (35)
where matrix A is a shift operator:
00 00O
1 00 00O
A=|0 1 0 0 Of. (36)
00100
00010

W, is a random variable vector whose mean vector and covariance
Pt
matrix are defined as: [0,0,0]',

%, =diag[o,’ Aoy’ AAoy” ] (37)
Mg is defined as

M =y Aug MM ). (38)
N, =[n,,.n,,.n,,n,_.n_,| are random variables whose mean

vectors and covarjance matrixes are defined as:

[0 00 0 0],and

0

0

0, (39)
0

000

where 6 is a large positive number.
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