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Speech Trajectory Discrimination Using the
Minimum Classification Error Learning
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Abstract—In this paper, we extend the maximum likelihood ML approach is used; that is, a separate model is constructed
(ML) training algorithm to the minimum classification error  for each class (a phone or a word, for example) and is trained
(MCE) training algorithm for discriminatively estimating the 4 tokens of that class only. This type of ML-based training is
state-dependent polynomial coefficients in the stochastic tra- discriminati . h del is built ind dentl
jectory model or the trended hidden Markov model (HMM) not 'Scr'm'nat've’ since each model Is u't_'n epen e'_"ty
originally proposed in [2]. The main motivation of this extension and one intends only to model the acoustic observations
is the new model space for smoothness-constrained, state-boundrepresentative of that class. Discrimination can be improved if
speech trajectories associated with the trended HMM, contrasting gyt-of-class information is jointly used in training the models.
the conventional, stationary-state HMM, which describes only - jqqriminative training methods do not aim at construction
the piecewise-constant “degraded trajectories” in the observation .
data. The discriminative training implemented for the trended ©Of the best model of observation data for each class, but
HMM has the potential to utilize this new, constrained model instead attempt to predict whether a given observation belongs
space, thereby providing stronger power to disambiguate the to one class or another. Since such methods focus on the
observatio(?_al t;aj%(_:;foriestgenerart]edl from ngrt:stati?narly SC_)fL_JI‘C(ti‘:S use of parameters on the decision surface among different
corresponding to different speech classes. Phonetic classification S ;
results are reported which demonstrate consistent performance classes and not 0.” the distribution of observations themselves,
improvements with use of the MCE-trained trended HMM both ~ they have theoretical advantages over the ML method in term

over the regular ML-trained trended HMM and over the MCE-  of classification performance. An example of discriminative

trained stationary-state HMM. training is the minimum classification error (MCE) training
Index Terms—Discrimination, MCE training, mixture trended  algorithm, which has been implemented in various forms (e.g.,
HMM, phonetic classification, trajectory. [1], [9], [12)]).

In the study reported in this paper, the MCE algorithm
is extended from the earlier formulation that applies to the
conventional or stationary-state HMM to the trended HMM.

HE formulation of the trended hidden Markov mode|n particular, the MCE algorithm is used to discriminatively

(HMM), also called the parametric nonstationary-statgstimate the state-dependent and mixture-dependent polyno-
HMM or parametric stochastic trajectory model, has been usgflal coefficients in the trended HMM based on a gradient-
in speech recognition applications for the past few years @éscent method. The properties of the MCE formulation
a number of research groups [2], [4], [6]-[8], [13]. The maifor training the trended HMM are analyzed by examining
motivation for using the trajectory model is its advantage goodness_of_ﬁt of the raw speech data to the polynomial
capturing smoothed temporal variations ubiquitously observggjectories in the model, and comparative experimental results
in the spectral aspects of speech data. This leads to an effecdgnonetic classification are reported which demonstrated the
means of succinct parameterization of the segment-bougkctiveness of the MCE algorithm for the trended HMM.
temporal correlation structure of speech which cannot g our experimental results have substantiated our theoretical
modeled by the conventional HMM. The model parameters Riasoning and motivation for the application of the MCE
the trended HMM, especially the state-dependent time-varyiggyorithm to the trended HMM. That is, given that the trended
Gaussian means, used in the past were trained by a modifi§ff\ tracks the stochastic trajectories of the speech data,
Viterbi algorithm based on the joint-state maximum likelihooglgy, degree of freedom in the space of the modeled tra-
(ML) principle [4]. The method of ML, however, is generallyjectories associated with the trended HMM, together with
not optimal in terms of minimizing classification error rate ifnhe constraint forcing the modeled trajectory to be a (state-
classification tasks in which the observation is assumed to l%’und) smoothed function of time, should allow discriminative

produced by one of the many source classes [1]. Only the {B5ining to exploit interactions between the new model space
class information is available to train each model when thg\y the constraint. This should then allow discriminative

training to gain more power to disambiguate the different
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applied specifically to the optimization of the state-dependent order P and associated with stateand mixturem, in
polynomial functions and the variances in the trended HMM  the state-dependent deterministic regression function of
is described in detail. Experimental results on fitting the  time. (Dimensionality of vectoB, ,,,(p) is n, the same
trended HMM to real speech data are provided in Section IV.  as that of feature vectad,.)

These results, presented as comparisons between use of 1) X = [¥;,,],i =1,2,---,N andm = 1,2,---,M are
ML training algorithm and use of the MCE training algo- the time-invariant covariance matrices (dimensionality
rithm, illustrate the need for discriminative training in the of nxn) of the zero-mean Gaussian i.i.d. residual signals
trended HMM and show effectiveness of the algorithm in R.(Z;,,). (These matrices are also state and mixture
achieving enhanced discrimination ability. In Section V, we dependent.)

report phonetic classification results obtained using the TIMIT 4) W = [w; ,,,],¢i = 1,2,---,N andm = 1,2,---, M are
data base. These results demonstrate consistent performance the mixture weights.

improvements with use of the MCE-trained trended HMM

over the regular ML-trained trended HMM and over the

MCE-trained conventional stationary-state HMM. Concluding IIl. DISCRIMINATIVE TRAINING
remarks are finally given in Section VI. FOR MIXTURE TRENDED HMM
One major purpose of this study is to develop and imple-
II. MIXTURE TRENDED HMM ment the MCE-based discriminative training paradigm in the

. . gntext of the trended HMM for achieving optimal estimation
The trended HMM is of a data-generative type and can l?)? the state-dependent polynomial coefficients. fiet j —

described in the following equation for the generation of th o
acoustic observation squuerc:ce' g ,2,---, K, denote the parameter set characterizing the trended
’ HMM for the jth class, whereX is the total number of

Op = Fy(i,m) + Re(Zi ). classes. The classifier based on th&selass models can be
P characterized by = {®,®»,---,®x}. The purpose of the
— Z B;m(0)(t — )P + Ry(Zi ), MCE-based discriminative training is to find the parameter set
p=0 ® such that the probability of misclassifying all the training

m=1,2--- M;i=1,2,---,N (1) tokens is minimized.

Let g; (O, @) denote the log-likelihood associated with the
where Oy,t = 1,2,---,T is a modeled observation dataoptimal state sequenc® for the input token®, obtained
sequence of lengthl’, within the HMM state indexed by by applying the Viterbi algorithm using mode#; for the
i; B; m(p) are mixture-dependent and state-dependent polith class. Then, for the utteranc®@ (from classc), the
nomial regression coefficients of orderindexed by mixture misclassification measurg.(©, ®) is determined by
componentr. and by state; and the termR, is the stationary
residual (after the data-fitting by the first terf)) assumed d.(0,0) = —g.(O,®) + g,(O0, ) (2)
to be independent and identically distributed (i.i.d.) and zero-
mean Gaussian source characterized by st@gtelependent, \yhere . denotes the incorrect model with the highest log-
mixture (m)-dependent, but time-invariant diagonal covarijyelinood (i.e., the most confusible class). In this definition, a
ance matrixXi,m. _ __negative value ofl.(O, ) corresponds to a correct classifica-

In the conventional, stationary-state HMM [15], the firsfio The definition in (2) focuses on the comparison between
term in (1) is only a function of staté not a function of e trye model and only the closest-competing wrong model,
time ¢. Note also that the polynomials for each state depeng onnroximation which we adopt in this study for computation
not only on the coefficients; ,,(p), but also on the time- officjency. (A more general form of the misclassification
shift parameter;. The term¢ —7; represents the sojourn timeyneasre using the log-likelihoods from all models can be
in state: at time ¢, wherer; registers the time when state ¢, ,,nd in [1] and [16]). A loss function with respect to the

in the HMM is just entered before regression on time takeg, i token is defined in terms of the misclassification measure
place. Polynomial coefficient8; ,,,(p) (for statei and mixture given by

componentn) are considered as true model parametersrand
is merely an auxiliary parameter for the purpose of obtaining 1
i i imating. iti T(0,0)= ———— 3
maximal accuracy in estimating; ,.(p). In the recognition 1+ ¢—4-(0,9)
step, 7; is again estimated as the auxiliary parameter so as
to achieve a maximal score in matching the model to thghich projectsd,(©, ®) into the interval [0,1]. Note that the

unknown utterance over all possibig values. loss functionY(©, ®) is directly related to the classification
In summary, a mixture trended HMM consists of the folerror rate and is first-order differentiable with respect to all the
lowing parameter quadruplet, B, %, W1. model parameters ob;,j = 1,2,---,K. Once the objective

1) A=Ja;;],%,5=1,2,---, N is the transition probability function in (3) is determined, the MCE-based discriminative
matrix of the underlying Markov chain with a total oftraining is reduced to finding the gradient of the objective
N states. function with respect to all the model parameters and to using

2) B = [Bin(p),i = 1,2,---,N,m = 1,2,---,M, the computed gradient to update the model parameters in an
andp = 1,2,---, P are the polynomial coefficients, ofiterative manner.
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A. Gradient Descent Method loop for the state sojourn time (see Appendix for details).

Let ¢ be a parameter in the mod&l Provided thatr(©, @) Then, the log-likelihood is given by
is differentiable with respect tg, that parameter is adjusted

in the gradient descent method according to 9;(0,®) = ibg bgfﬂnf(oth_gf) (6)
) IT(0, ) =1
p=¢— 577 or
. 9d, (0, ) which will be used to compute the gradiemd.(O,®)/d¢ in
¢=¢—cX(0,2)(1-1(0,2)) ca—d)’ (4) (4) for model parameters in the mixture trended HMM to be

M described in later portions of this section.
In (4), </> is the new estimate of the parameter angla small g Initializing Model Parameters
positive constant that monotonically decreases as the iteration

number increases. This gradient descent method is iterativehy?Nce all the state boundaries and the optimal mixture
applied to all training tokens in a sequential manner (for fiPMPonents along the optimal state sequence are determined

model parameters) to minimize the loss function during théa the modified Viterbi segmentation step (see Appendix for

training process. detail), determining the time-varying mean parameters in the
Some intuitive explanations for (4) are given here. In tHgended HMM reduces essentially to the problem of polyno-
case of near error-free classification (i#(0, &) ~ 0), or Mial regression according to the ML method, which we adopt
in the case of a complete loss (very poor classification; i_é(_),r model initialization. Here, we present the general solution
T(0,®) ~ 1), the magnitude of) in (4) would be close to for the regression problem involving multiple observation

zero and therefore the changedofvould become very small. ©okens where each token can be a subsequence of a training
On the other hand, iff(©,®) ~ 0.5 (i.e., the likelihoods utterance that ha§ been sggmented .and aSS|gn§d.t0 a given
for the correct and the best wrong model about the sanfat€: In the remainder of this subsection, class indexl be
then the magnitude af would reach a maximum. Therefore,om'tted since in-class mformgﬂon is _used in the ML method
the training procedure as described in (4) will focus on inp@?d hence ealch c2lass’ mordel is built independently of another.
tokens which are likely to be misclassified but can be classified-€t @ = {0, 0, ---, 0"} denote a set af. feature vector
correctly after proper adjustment of the model parameters, SSAUENCEs (|l.e., a t?tal df variable-length tokens), and let

In order to determin@d, (O, ®)/d4 in (4), we note that in @ = {01’?2’ -+, O} denote theth sequence which has
the trended HMM, each mixture of each state is characteriz&d0t@l of 7* frames in length. Define
by a multivariate time-varying Gaussian density function in

the form of (i) = [t —7)°" (t—-n) - (E—m)"]"
—n/2
bim(Or|7) = % as a(P + 1)-dimensional vector of explanatory variables with
2] (t — 7;) representing the sojourn time in stateThen the ML
1 r o estimate for the polynomial coefficients becomes the solution
rexp | | O - > Bim(p)(t—7:)"| 1 to the regression equation
p=0
r Z/[i,rn [BAi,nl(O) BAi,rn(]-) T BAi,nl(P)]TT = Vi,rn
S 0= B (p)(t — i) ] (5)
p=0 wherel; ,,, andV; ,, are computed according to
where B; ,,,(p) and %, ,,, denote the polynomial coefficients L T
for the time-varying Gaussian mean and the covariance matrix ZZ%(i m) X, (6) [ X ()] F"
associated with thenth mixture of ith state, respectively; gy ’
(t — ;) is the sojourn timéin state: at time ¢, and n is Ui,m = LT
the dimensionality of the observation vectf¢. Superscripts ZZ%(i m)
Tr and —1, and the symbol.| denote matrix transposition, it ’
inversion, and determinant, respectively. Based on the trended Lo
HMM for speech clasg, the optimal state sequen&®’ = i )X (DO
6,6, -0 and the corresponding mixture sequerel = ;;%( )& ([O]
my,m},---,m} for an input token® = 01, 0,,---, 07 (T Vim = L 7
frames in total) is obtained by means of the Viterbi algorithm, ZZ%(@ m)
with modification by incorporating an additional optimization =1t

LIn this work we have not used duration-normalized time because of its ) o ) )
implementational complexity. In our earlier work we show advantages &n the above equation, the quantity(i,m) is set to one if

duration normalization in performance for an ML-based system [19] but me model Stays in mixturen. of Statefl’, and is set to Zero,

rigorously (not heuristically as other groups have done) carry out duratio . . . . .
normalization for the current MCE-based system requires substantial nQ&herWBe' The covariance matrix is determined accordlng to

efforts that we have not taken in the current work. the equation shown at the bottom of the next page, and the
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formula for mixture weight parameters is where the variabley; is defined as
L T W, if 7 = ¢ (correct-class)
ZZ% i,m) Py = { —p, if j= X (closest-competing-class)
. — 0, otherwise
Wim =
’ M L T and the sef; ,,(4) includes all the time indices such that mix-
ZZZ’Vt(i,v) ture m and state are in the optimal Viterbi path determined
v=1i=1t=1 using thej-class model; that is,
for: = 1,2,---,N andm = 1,2,---, M. The observation Tym(G) = {t16 = i,md = m}
density assumes the following form in our current model 1<i<N, 1<m<M.

implementation:

D. Gradient Computation for the State and
bi(Orlmi) = mels M Wi,mbim(Or 7). Mixture-Dependent Variances

Similarly, the gradient formula for covariance matrices can
That is, only the most likely mixture component is chosen 3% derived (cf. [16]), which has the following final form:
the observation density for each HMM state.

M =0.5¢; Z

C. Gradient Computation for the ax Ejr)n et m(j)
Mixture-Dependent Polynomials
By substituting (2), (5), and (6) in (4), the gradient cal- ZBZ(QL )t — 1) ]
culation of themth mixture of ith state parameteri;?ggl(l),
l=0,1,---,P, for the jth model becomes Ir )
O’ Z Bz(JrZL Ti)p Egjr)n -1
IT(0,®) ad (0,9) o
= p_
o871y~ 28I () (8)
VL(—QC(O,‘P) + g, (0, ®)) where I indicates then x n unity matrix and; ,,, is the
8BZ(’,ZL(Z) log-transformed diagonal covariance matrices to automatically
9 T impose the constraint that the variances always remain positive
=tp———| = > logbs: m: (Oy|7e:) definite during training.
w0\ & !
T IV. EXPERIMENTS ONFITTING MODELS TO SPEECH DATA
+ Zbgb@? i (Ol 7o) The problem of speech classification can be viewed as
=t 9 a statistical data-fitting problem, where relative closeness in
=, Z T( ~log 21 — _10g|2517)n| fitting an array of speech models to the unknown speech
tETs () 0B; m(l) data sequence provides the classification decision. In order to
s Tr provide insights into the advantages of the MCE training on
1 o, — Z BW (p)(t — 1) ) the trended HMM, we, in this section, report results of data-
2 = &m ’ e fitting experiments where both the conventional HMM and the

» trended HMM, trained with ML and with MCE, respectively,
o, - Z BZ(Jrzl( )t — 1) are used to fit the acoustic (_)bs_ervation data. N
The procedure and the criterion for the data-fitting exper-
iments are discussed here first. Once the structure of the

p=0

1
=1; Z Zgjr)n trended HMM is determined, the ML and MCE training
tCTy m<J> algorithms discussed in Section Il are used to estimate the
trended HMM model parameters using a given set of training
Oy — ZBZ(QL (t—m) ] (t—m) (7) data. After the parameters are estimated, diagnostic analysis
=0 is carried out to examine the residuals measuring closeness of

L T Tr
ZZ’W L m Ot ZBZ m t - Ti)p Ot ZBZ m t - 7_2)
& =1t=1 p=0 p=0

Ei,rn =

L 7

2. wlim)

=1t=1
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the model fitting to the data. To do this, the modified Viterbi ML, P=0, Error=57.68 ML, P=1, Error=26.71
algorithm as described in Appendix is used first to find the -2 -2
optimal state sequend® = 6,,6,,---,0r) associated with »
the given speech data, from which the model fitting error is N ) ;
then computed according to the data-fitting criterion descnbéd -6 €6 g !
below. 2 . / %_8 /
Given the parameters of the mixture trended HMM, the Q N
model-generated observation seque@kds given by -10 -10 -~
" % 5 10 15 20 % 20
Oy =Y Bim(p)(t = 1) + Re(Xim) 9) Time Time
p=0 MCE, P=0, Error=74.23 MCE, P=1, Error=42.10
where state at given timet is determined by the state se- 2
quenceO, andr;,i = 1,2,---, N are the Viterbi-segmentation _4
boundaries of states. By setting the fitting function o ; - o
= 3
_ 2 g
ZBZ m(P)(t—7i), 8 / g
p=0 -10 \J '
R.(%;,,) can be computed according to 19 o
0 5 10 15 20 0 5 1 15 2
Rt(zi,rn) — Ot _ Ft(i,m). Time Time

Fig. 1
The overall model data-fitting error is then computed by ag
linear summation of the residual squares over the states and

Fitting three-state “correctia-models to area data C2 sequence.

ML, P=0, Error=176.79

ML, P=1, Error=152.16

over the state-bound time frames; that is, - 0

N Ti _4

Error = Z nlzngiE.,Jw Z R2(Zim) (10) Y Y 5
t=1 t=7;_1 ] . 3 /
g 7
The smaller this error is, the better we consider the data-fittifgy P g1 w /
would be (zero error indicates perfect fitting). 10 T
The test data sequence from phane for which we show | T

the data-fittir?g results_in this section, is selected from a female?; 5 w0 w2 15 s 10 15 20
speaker of dialect region one of the TIMIT speech corpus. The Time Time

raw speech data is in the form of a digitally sampled signal at

MCE, P=0, Error=199.55

MCE, P=1, Error=225.08

16 kHz. The conventional mel-frequency cepstral coefficients 0 0
(MFCC’s) are computed with a frame rate of 10ms. For
illustration purposes, we show the data-fitting results only
for the second-order MFC@%. The C, contains acoustic § -
information about summation of log energies of low- an@
high-frequency channels subtracting those of mid-frequendy-10
channels. Other orders of MFCC'’s give similar results which N
will not be plotted due to space limitation. R 5 )
Figs. 1 and 2 show the results of fitting the acoustic data 0 5 10 1520 0 5 o 15 20
(C2) of aa using the “correct’ aa-model and using the Time Time
“wrong” ae-model, respectively. The top two subplots irfig. 2. Fitting three-state “wrongie-models to theza data C2 sequence.
each figure show the data-fitting results for the ML-trained
stationary-state HMM (left) (polynomial orde? = 0), and the MFCC data in TIMIT, we found that not only glides,
for the trended HMM (right) with a linear trend functionliquids, diphthongs, and transition regions between phones
(polynomial orderP = 1), respectively. The bottom two reveal the most notable nonstationary nature in speech, but
subplots in each figure show the data-fitting results using tbeen vowels contain virtually no stationary portions. This has
MCE-trained stationary-state HMM and the trended HMMpeen consistent with the spectrographic studies of continuous
respectively. In all the plots, the solid lines are the speespeech [20].)
data, O, of the C2 sequence from the test token (i.e., not In all our data-fitting experiments, a left-to-right, three-
used in training the models). The vertical axis represents thiate topology (with no skip) is used for both stationary-state
magnitude of C2 and the horizontal time axis is expressed HtMM’s and trended HMM'’s. Only one Gaussian is used per
terms of the frame number. Note that the C2 data sequemoixture for both types of the HMM'’s. For each subplot of
is far from stationary. (In analyzing statistical properties dfigs. 1 and 2, the two break-points in the otherwise continuous

|
(52

ﬁ\
Cepstrum 2
1

=
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solid lines correspond to the frames at which the optimal statéference between the two measures lies only in the variances
transitions occur from state one to state two, and from state twhich could weigh the frame errors differently with different
to state three, respectively. The dash-dot lines in all subple@riances. So long as the variances do not differ substantially
of Figs. 1 and 2 are the four different fitting functionk,, (which we checked is the case for our data-fitting example
varying in the orde” = 0 or P = 1) of the trend function shown in Figs. 1 and 2), the conclusions drawn from the
and in the training procedure (ML or MCE). These labels aabove data-fitting results are valid. Nevertheless, the data-
shown at the head of each subplot, together with the data-fittifiging results are able to illustrate a number of phenomena
error computed according to (10). that cannot be shown by using the cumulative state likelihood.
Several observations are made in examining the exam@pecifically, the data-fitting results enable us to visualize
data-fitting results shown in Figs. 1 and 2. First, the MCHetailed behaviors regarding how the trajectory from the model
training consistently produces greater data-fitting errors tharatches the actual data trajectory. Use of the cumulative
the ML counterparts. This is equivalent to reduced likelihoodgate likelihood shows only the final score of the comparison
from the ML to MCE training, and is consistent with the twdbetween the modeled trajectory and the actual data trajectory,
respective training objectives. Second, for data fitting usirand does not show details of such a comparison which is
the “correct” model (Fig. 1), the trended HMM'’s consistentlymportant to understand and thereby to improve the model.
gives lower fitting errors than the stationary-state HMM's;-urther, data-fitting results shown in Figs. 1 and 2 allow us
regardless of ML or MCE training. (This may not be trué¢o understand the underlying structure of the mixture trended
when using the “wrong” model for data fitting as shown itHMM in terms of the important constraint that each linear
Fig. 2). Third, and importantly, despite the increased datfiajectory is not allowed to jump across different mixture
fitting errors in going from the ML to MCE training (for components within each state. This cannot be appreciated
both cases of the “correct” and the “wrong” models), thby using the cumulative state likelihood as the measure
differencebetween the data-fitting errors associated with usdone.
of the “correct” model and with use of the “wrong” model is The above example, representative of many other TIMIT
much greater for the MCE training than for the ML trainingexamples we have examined in this study, is only intended
That is, use of the “wrong” model produces greater errots illustrate the general, largely qualitative analysis of the
in the data fitting than the “correct” model (this accountdiscriminative mechanisms for both the stationary-state HMM
for the differential likelihood scores necessary for identifyingnd the trended HMM. The quantitative behavior in terms
the correct speech class and discriminating against the wrasfgrelative effectiveness under varying modeling structures
class), and this difference margin is significantly enhanceahd varying training criteria can be assessed only in a large
in going from the ML training to the MCE trainingMore scale experiment, from which some meaningful statistics are
specifically, the enhancement of the error-difference margextracted. The average classification error rate appears to be
discussed above is greater for the trended HMM than that fuwch a meaningful statistic which also has the advantage of
the stationary-state HMM. Examining the results of Figs. 1 arimting simple to compute and to illustrate. The experiments
2, in the case of MCE training, this enhancement of the erraxe have conducted to acquire such a statistic are described
difference margin for the trended HMM 225.08 — 42.10 = next.
182.98, significantly bigger than that for the stationary-state
HMM (199.55 — 74.23 = 125.32). This difference shows a V. PHONETIC CLASSIFICATION EXPERIMENTS
greater degree of freedom of the modeled trajectory space
offered by the trended HMM, which should therefore endow |n this section we report the results from empirical studies,

the discriminative training with more power to diStingUiSI’USmg the TIMIT data base, on the convergence property of
the trajectories generated from different speech classes. e MCE training procedure described in Section Ill, and on
corresponding enhancement values for error-difference margionetic classification performance achieved by applying this
in the case of ML training is152.16 — 26.71 = 125.71 procedure. The TIMIT data base with a total of 462 different
and 176.79 — 57.18 = 119.61, for the trended HMM and speakers is divided into a training set and a test set with
the stationary-state HMM, respectively. The small differenggy overlapping speakers. The training set consists of 442
between these two values (in comparison with that for thgeakers with a total 3536 sentences and the test set consists
MCE-training case) suggests that with use of the ML trainingf 160 sentences spoken by the 20 remaining speakers. These
the improvement of speech discrimination would be relativebheech materials contain a total of 129 743 phone tokens in the
slight in going from the stationary-state HMM to the trendegaining set and 5775 phone tokens in the test set. In these data
HMM. sets, only “sx” and “si” sentences were used. The experiments
We should note at this point that although it is the temporalifescribed in this section are aiming at classifying (i.e., using
cumulative state likelihood (5) that determines the recognitiqfe phone segment information provided in the TIMIT data
score (rather than the data-fitting error measure [(10)], th@se) the 61 TIMIT labels defined in the TIMIT data base. In
keeping with the convention adopted by many other speech
2We note here that although the MCE criterion does not directly aifecognition researchers, we folded 22 phone labels into the
at enhancing error differences between data fitting using the correct mof’é}naining 39 classes in determining classification accuracy.
and that using wrong models, this enhancement can be easily understood afhe acoustic analysis used a 21-channel filterbank with
a natural consequence of the MCE criterion. Such enhancement is highly
desirable for robust speech recognition. approximates mel-spaced filters at a frame rate of 10 ms per
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frame. Following is the analysis condition under which thef the models that we used to obtain the results of Fig. 3

static speech features are computed. are N = 3 as the number of HMM states for each phone,

and M = 5 as the number of Gaussian mixtures in each

HMM state. The upper graph of Fig. 3 shows the classification
Frame size 10 ms (160 sample$ rates as a function of the epoch (a complete pass through
Window type Hamming the entire training data set is called an epoch) of the MCE
training algorithm for the testing data. The solid lines are

associated with MCE-trained conventional HMM = 0),

Sampling rate 16 kHz

Window length 32 ms (512 sample$

Window overlap 22 ms (352 sample$ and the dotted lines with trended HMKP = 1). The lower

Analysis Short-time spectrum analysis graph of Fig. 3 shows the average loss for the entire training

Features Me|_frequency Cepstrum coefficients data set as a function of the training epOCh. The convergence
(MECC’s) behavior of the MCE training which we expected from general

theoretical considerations is confirmed by the results shown in
For the computation of MFCC’s, 21 triangular bandpass filteFdg. 3; that is, the classification rate monotonically increases
are simulated, spaced linearly from 0 to 1 kHz and exponewith the training epoch, and the average loss monotonically
tially from 1-8.86 kHz, with the adjacent filters overlapped idlecreases, both reaching their respective asymptotic values
the frequency range by 50%. The fast Fourier transform (FFa&fter five epochs of the training. Note that the decreasing
power spectral points are combined using a weighted sumv@ues of the average loss with the training epoch follow
obtain the output of the triangular filter. The MFCC'’s (statithe same tendency, in a qualitative manner, as those of the
features) are then computed according to (11) classification error rate. The average loss decreases faster for
the trended HMM than for the conventional HMM, indicating
the effectiveness of the newly trained trended HMM. Similar

21
MFCC(p) = ZS,, cos (p X [r—0.5] x 1), characteristics in the classification performance are also ob-
=1 21 served. This indicates that the original objective set out for
0<p<12 minimizing the classification error via the MCE training is

accomplished and that the MCE training may be more effective
where S, is the log-energy output of theth mel-filter. A for the trended HMM than the conventional HMM. In the

twelve-component static feature vector is extracted every i@naining of this section we will report full detail of the
ms throughout the signal. Thus the augmented feature vedipenetic classification results, focusing on the comparative

is represented by a vector of 25 components, with 12 cepstr@ffformances of the MCE-trained trended HMM versus the

coefficients, 12 delta cepsfrand the delta log energy. Eachconventional HMM. o ,
phone is a left-to-right (with only self and forward state For the MCE approach, the initial trended HMM's are

transitions), three-state HMM with mixture Gaussian stafbtained using the ML objective criterion with five iterations
observation densities (time invariant or time-varying). Thef the modified Viterbi algorithm as described in Section 111-B

covariance matrices in all the states of all the models &89 in the Appendix. The polynomial coefficients and diagonal

diagonal and are not tied. In the testing phase, the acoudgvariances of the trended HMM's are further trained employ-
data of each test phone is scored with all phone models B the MCE optimization procedure. A total of five epochs
applying the modified Viterbi algorithm, and the model witif7® Performed and only the best-incorrect-class is used in
the highest likelihood score is treated as the recognized phdfié misclassification measure. Further, for both the stationary-
(i.e., ML decoding). state HMM and the trended HMM, we have explored both
In Fig. 3, we show empirical results on the behavior of thePntext-independent (Cl) and context-dependent (CD) versions
MCE training procedure for the 39-phone context-independe?itthe phonetic model. For the Cl model, a total of 39 models
phonetic classification task. (We first initialized the trainable? X 3 = 117 states) are constructed, one for each of the 39
parameters of the trended HMM’s described in Section I1-g'asses intended for the classification task. A CD phonetic
before performing the MCE training.) Some fixed parametefd0del that we used in this study is the one that is made
dependent on both the left and the right neighboring phone
SUse of delta parameters in our trajectory model is motivated by ogllasses. The phone classes used are the same as those described

i irical findi irical - ] c _ : _
earlier empirical finding, based on empirical comparisons between statlonarl){ our earlier work [16], which result in a total of 1209 states

state HMM'’s with delta parameters and linearly trended HMM'’s withou! )
delta parameters, that delta parameters and trajectory modeling partifigy the folded 39 CD phones in TIMIT.
complement each other in capturing true dynamic properties in speech da;gevere“ sets of experiments are run to evaluate the phonetic

sequences [3]. Mixed use of delta parameters and trajectory modeling js _ ... . , .
admittedly heuristic, as we proceed in this study, but it nevertheless join@assnclers constructed using two types of HMM's (stationary-

utilizes different ways in which the two separate approaches exploit t&éate and trended) and two types of training (ML and MCE).
dynamic properties of the speech data. Technically, the difference betweeny$fa overall performance of the phonetic classifiers, organized

of delta parameters in the stationary-state HMM setup and use of the linear th | ificati t f fi f th | ial
trended HMM without delta parameters can be seen as follow: the former takt N€ Classilication rate as a function o € polynomia

fixed temporal differences of static MFCC's in the preprocessor (and finatyend function ordefP = 0 for stationary-state HMM'’s and

mixing the results back with the static MFCC's in calculating likelihoods)p — 1 for Iinearly trended HMM'S) and of the mixture number

while the latter trains the model parameters related to the dynamics (i.e. . . . .
polynomial coefficients or slopes in the linear case) specific for each HM =lorM = 5) in each HMM state, is summarized in

state and for each speech class. Table | for the case of ML training, and in Table Il for the
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Classification Rate %
64 66 68 70 72

0.22

Average Loss
0.18

0.14

Epochs

Fig. 3. Convergence characteristics of the MCE training procedure. Top graph shows the context-independent phonetic classification ratest for the te
set; bottom graph shows the average loss as a function of the training epoch.

TABLE |
TIMIT 39-PHONE CONTEXT INDEPENDENT (LEFT) AND CONTEXT DEPENDENT (RIGHT) CLASSIFICATION RATES USING THE ML T RAINING
Type Context-Independent Context-Dependent
of Classification Rate Classification Rate
Model 1 Mixture | 5 Mixtures | 1 Mixture | 5 Mixtures

Stationary-State HMM (P=0) | 53.07% 57.76% 76.62% 78.60%
Linearly Trended HMM (P=1) | 54.11% 59.43% 77.07% 78.79%

TABLE I
TIMIT 39-PHONE CONTEXT INDEPENDENT (LEFT) AND CONTEXT DEPENDENT (RIGHT) CLASSIFICATION RATES USING THE MCE TRAINING
Type Context-Independent Context-Dependent
of Classification Rate Classification Rate
Model 1 Mixture | 5 Mixtures | 1 Mixture | 5 Mixtures

Stationary-State HMM (P=0) | 63.98% 67.72% 79.08% 80.19%
Linearly Trended HMM (P=1) | 69.33% 72.42% 82.89% 83.48%

case of MCE training, respectively. Both Cl and CD results ateining with use of the trended HMM is higher than that
shown. The results shown in Tables | and Il can be elaborateih the stationary-state HMM. This shows that the behavior
as follows. First, under all conditions, the MCE training i€xhibited in Figs. 1 and 2 in our data-fitting experiments is
superior to the ML training; the MCE-based classifier achievesdominant one, testifying to our conjecture that the MCE
an average of 25% classification error rate reduction, uniformtisaining should be particularly effective for the trended HMM
across all types of speech models (both Cl and CD ondé®cause of the new constrained degree of freedom existing
both stationary-state and trended HMM'’s), over the ML-baséa the modeled speech data sequence to allow for trajectory
classifier. Second, for the ML-based classifier (Table Il), thdiscrimination.

trended HMM is slightly superior to the stationary-state HMM, We conclude from the above phonetic classification results
consistent with our earlier finding based on a different evalthat the difference in performance between the stationary-state
ation task [4]. Third, for the MCE-based classifier (Table I)HMM and the trended HMM becomes more significant when
superiority of the trended HMM over the stationary-statMCE training is used than when ML training is used. The best
HMM becomes significantly greater than the ML case; thigsult is achieved by using a combination of the trended HMM
is true even at a better baseline performance level, and tare the MCE training algorithm, which produces an error rate
for both the Cl and CD models. Finally, the improvementeduction from 25-33% in moving from the ML training to
in the classification rate in going from the ML to the MCEBhe MCE training.
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VI. SUMMARY AND DISCUSSION 82.89% —77.07%) (cf. Tables | and 1I). It is easy to explain
the mixture case. With the conventional HMM using one
In this study, the MCE training algorithm using gradienGaussian per mixture for speaker-independent data (such as
descent is derived, implemented and evaluated for optimalfyMIT reported in this paper), the model does not have enough
estimating the state-dependent polynomial coefficients in thegrees of freedom in representing the true data distribution.
trended HMM. Development of this new training approacitherefore, ML training with this highly limited model is very
is motivated by our recognition of the poor discriminativgyoor in finding good decision boundaries, where the MCE
ability of the conventional ML training paradigm, particularlyyaining becomes comparatively more powerful. When the
in view of the additional constrained degree of freedofeqree of freedom is increased as more Gaussians per mixtures

in modeling speech data trajectories offered by the trendggh’ 54ged, the problems with the ML training are subdued.
HMM, which we developed in the past. This degree offreedo%e MCE training in this case will still perform better but

IS more limited n the. conventlona‘l‘ St.‘"‘“"“"?“yj,State HMNljmt as much in comparison with the one-Gaussian-per-mixture
(which models piecewise constant “trajectories” rather than

continuous trajectories as exhibited in most real speech daf:a
and hence we infer that the discriminative training should be . .
more powerful when applied to the trended HMM%han to th ent frqm ML to MCE V\{'th use of t.he trended .HMM (which,
stationary-state HMM which has already been demonstratJ adding more Gaussians .per mixture, also mcrease; model
with some degrees of success by other research groups ?ﬁfameters), however, requires more careful explanat!ons. It
[12], [10]. is clear thqt although the trended HMM and the .mlxtu.re
Our expectation for superiority of the MCE-trained trendeffMM both increase model parameters, the manner in which
HMM has been confirmed, as reported in Sections IV arffey increase the degree of freedom in the model space is
V in this paper, both by data-fitting experiments and bgompletely different. We conjecture that the greater (rather
phonetic classification experiments. We have observed condi@n reduced) difference in performance between ML and
tently from the data-fitting experiments that use of a “wrong¥CE trainings with use of the trended HMM is attributed to
model to fit test speech utterances generally produces gre#lterinteractions between the increased model space due to the
data-fitting errors than the errors with use of the “correctiew parameters in the trend functions and the constraint in the
model, and that such error differentials (“wrong” model versurodel which forces the model to produce a smoothed trajec-
“correct” model) are the greatest with the MCE-trained trendedry within each HMM state. (The constraint is implemented in
HMM, followed by the MCE-trained conventional HMM, the modified Viterbi algorithm which forbids the trend function
then by the ML-trained trended HMM, then by the ML-from jumping across different mixture components within each
trained conventional HMM. These observations have beegtate.) This constraint balances the increased degree of freedom
corroborated by the independent set of conclusions drawn frefiie to addition of the regression parameters, and allows the
the phonetic classification experiments. The results SUMMACE training to work more effectively. Therefore, it is not just
rized in Tables | and Il demonstrate the best classificatigRe size of model parameters that matters the most. Rather,

performance achieved with use of the MCE-trained trendgdis how these parameters are structured and constrained

HMM (classification rate of 83.48%), followed by the MCEy o getermines the relative effectiveness of various training

trained conventional HMM (classification rate of 80.19%), 1 ithms in the recognition performance achievable by the
then by the ML-trained trended HMM, then by the ML'tra'neqnodels
conventional HMM. '

N . In summary, the work presented in this paper has provided

The results we have reported in this paper are promising, but :
, AN . evidence for the superior performance of the trended HMM, as
at first glance may be striking in light of the opposite behav-

ior in performance improvement from ML training to MCE? Parametric stochastic trajectory model for speech acoustics,

training observed in comparing the following two scenario_tg_ the conventional H_MM yvhen the parame_ters_ c_hargcter-
of increasing model parameters: adding more mixtures versf$'9 th? modeled trajecto.ne.s are .trame.d discriminatively.

adding linear trend$For the former, the gain of MCE training Méchanisms for such superiority are investigated through data-
is reduced moving from one Gaussian to five Gaussiafi€ind experiments, which shed light on the role of speech

per mixture (79.08%—76.62% versus 80.19%-78.60%), whif@jectory discrimination in speech recognition. Because the

for the latter, the gain is enhanced (79.08%—-76.62% verd{@iectory model for speech acoustics as studied in this work
is only a primitive and highly simplified model intended

*At this point, we should point out that quantitative comparisons of oy describe the hierarchically structured dynamic process in

results reported on Section V with other published results on the TIMIT ta%h; . s . )
are inherently difficult because different authors tend to use different test s eech prOdUCtlon' we conclude that the discriminative anal

and different HMM setups. The performance of the benchmark ML-traingsis and learning will also play significant roles in more
HMM for the CI task we reported (57.76% phone classification rate) is na\lanced and realistic dynamic models of speech production

far from other similar classifiers; for example, a somewhat higher rate on the . h . hi h | i
same task (62.3%) is reported in [18], which uses 32 Gaussians per mixtl?§ US€ In speech recognition. In this context, the role o

in the HMM (we used five Gaussians per mixture only), and 39-dimensiondiscriminative learning may be identified as one of the two

feature vectors (we used 25-dimensional vectors), and tested on 112 ”E’Pﬁical components which shape and define the aoal of speech
speakers (we tested on 20 mixed female and male speakers). p P g P

5The authors thank Dr. E. McDermott of ATR, Japan who pointed out thBrOdUCt!on in a recently proposed phonetic theory of speech
sharp observation to us and offered valuable discussions. production [11], [14].

he behavior opposite to the above in performance improve-
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max max max  Oi(2, v, 7T)a; ;Wi b ; (O d d=0
6t+1(‘j7m7d) _ i<] 1<u<M 0<r<t-1 t( » Y ) 2, 3m J,rn( t—|—1| )
6t(]7m7d_ 1)aj,jbj,rn(0t+l|d) d>07
arg max max max O(¢,v,7)a;; d=0
1/1t+1(j,m,d) = i<j 1<w<M 0<7<t—1 ’
(j, m,d— 1) d>0
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coefficients, in the trended HMM. Le® = 6,6, ---,6r of this work was presented in [17].

be the state sequence adl = {0;,0,,---,0r} be the
given vector-valued observation sequence of lerifthvith
dimensionn. Define a duration sequende, ds, - - -, dr where

d, indicates the sojurn time in statg (the time spent in the [1]
current statd, since the last state transition). Then the largest
probability along a single state-sequence path up to time [
with durationd at statej can be expressed as

(3]

8:(j,m,d) = o Jnax P{6:1,0s,---,0, =7,
dt :d7017027"'70t|q>}

(4]

where® is the parameter ensemble of the model.

Given the above notations and definitions, the following fours]
operations are a complete description of the segmentation step,
where é:(j, m,d) is efficiently computed via recursion, and [6
¥ (j,m,d) is used to store the most likely state and mixture
information at timet — 1, given thaté, = j,m; = m and 7]
dt - d

1) Initialization: [8]

[9]

7rjwj7mbj7m(01|d), d= 0, 1 S J S ]\77

61(‘jvm7d): 1S7’TLSM
- [10]
0, otherwise
D10 d) =(0,00d =0,1<j< N,1<m< M (1]

with 7; being the initial probability distribution of Markov
states.

2) Forward Recursion:See the formula at the top of the
page, forl < j < N,1<m < M and1 < t<T. (13

[12]

3) Termination of Recursion:
[14]
P* = max max max [67(¢,m, dr)]
T m (lT [15]
(0%, m%., d5) = arg max max Indax[éT(i,m, dr)]
? m T

[16]

4) Backtracking for Optimal Path:
[17]
(9: ) m;,(’ d:) = Z/}H-l (9;(-1—1’ m:—l—la d:—l—l)’ [18]

t=T—-1,T—2,---,1.
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