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ABSTRACT

A new implementation of ME (Minimum Error rate)
training is proposed. The most important difference from
conventional ME training is the use of a trellis-based
calculation for the discriminant function, instead of the
Viterbi based calculation of the conventional training.
The key idea of the training is to use a matrix repre-
sentation of state transit probabilities of an HMM for
calculating the discriminant function so as to simplify
the differential operation on the misclassification and loss
functions. From the non-segmental characteristics of the
discriminant function, loss functions for substitution, in-
sertion and/or deletion errors are easily calculated by
substituting, inserting and/or deleting the matrices for
the corresponding HMM units of the loss function. Based
on the proposed training, therefore, both string level and
unit level error minimizations are easily integrated.

1. INTRODUCTION

While various general technologies related to construct-
ing an HMM-based speech recognizer have been invented,
tuning a system to a specific task or vocabulary becomes
to play a relatively important role in implementing an
application system. From the standpoint of tuning a sys-
tem parameter such as pdfs in word or subword HMMs,
recent improvements in discriminative training provide
significant improvement in preventing of serious errors in
the task domain of the system.

Among  several discriminative training algorithims,
such as maximum mutual information (MMI) training[1]
or corrective training [2}, minimum error rate (ME) train-
ing based on GPD [3], [4] has been center of the research
for its inherent error minimization characteristics. In a
recent paper [5], furthermore, Chou et al. extended the
ME algorithm to minimum siring error rate training and
demonstrated its effectiveness.

GPD-based ME training has been based on the seg-
mental procedure of Viterbi scoring, because of its sim-
ple mathematical formula for differentiating the loss func-
tion. I'rom the original definition of hidden Markov mod-
eling, however, forward-likelihood obtained by trellis op-
eration would seem to be better for the training and scor-
ing. The training procedure that we propose in this paper
is an alternative approach using the trellis calculation for
forward-likelihood as the criterion of missclassification in
ME training. By utilizing matrix parsing technology in
the training we provide not only a simple analytic for-
mula for differentiation of the score function, but also
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top-down hypothesizing for near-miss competitive strings
so that the training is directed to reduce certain error
sources.

The remainder of this paper has the following content.
In Section 2, the authors will compare the recognition
performances obtained by Viterbi score, and forward-
likelihood and show the superiority of the latter. In
Section 3, trellis-based ME training is described after
brief descriptions of conventional ME training and matrix
parsing. In Section 4, experimental results are summa-
rized, followed by the discussion in Section 5.

2. TRELLIS VS. VITERBI

Most of the HMM-based speech recognition systems
adopt Viterbi scoring mainly because it is easy to com-
bine with various time synchronous search algorithms.
From its original idea of modeling speech production by
hidden Markov process, however, the forward-likelihood
seems to offer better scoring for speech recognition. In
{6], for instance, Schwartz et al. mention the subopti-
mality of Viterbi scoring, showing twice as many errors
as forward-likelihood in finding the 100-best sentences in
their N-best algorithm. Before describing trellis-based
ME training the authors compare the recognition accu-
racy of Viterbi scoring and forward-likelihood to show
the importance of optimizing HMM parameters in terms
of forward-likelihood.

For the experiment, 6000 phrases of connected
Japanese digit utterances were used. The length of all
digit strings is four. The utterances were spoken by 21
male speakers with the same handset and recorded over
the public telephone network. A total of 5320 phrases
of 19 speakers were used to train 10 digit and pause
HMMs and 680 phrases of 2 other speakers were used
for the comparison. HMMs were trained by 4 iterations
of HERest after bootstrapping with HRest of HTK 1.4.
HVite and the matrix-based evaluation method described
in Section 3 were used for evaluating Viterbi score and
forward likelihood, respectively.

The results are listed in Table 1. As shown in the table,
forward-likelihood achieves a more accurate result than
Viterbi scoring. Especially, Deletion and Substitution
errors were reduced more than half, phrase error rate is
one half that of Viterbi scoring when the length of string
is given (b).
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Table 1. Comparison between Viterbi and forward likelihood
scoring for recognizing connected digit utterance under the
conditions that length of string is unknown (a), and that
the length of string is given (b).

(a) word error rate

Del. 1Ins. Sub. Y%Acc Y%Corr
Viterbi 7 ) 6 97,5 98.2
forward 2 11 3 97.8 99.3

(b) phrase correct rate.

7, Phrase Correct
Viterbi 94.1
forvard 97.5

3. TRAINING PROCEDURE

3.1. ME Training
The procedure of the ME training is outlined below.

First, in the ME training, the discriminant function is
defined as

9(0, Sk, A) = log (O, Sk, A), (1)

where O is the observation sequence, Sy is the k-th can-
didate word string, f is the scoring function and A is a
set of HMM parameters. Note that ©, i.e. optimal state
sequence, in the conventional formula of the segmental
approach is not involved in the above equation.

The below misclassification measure is, therefore, de-
fined as the difference between the discriminant functions
of the correct unit sequence and the average value of the
discriminant functions of the incorrect sequences.

d(0, A) = —g(0, Scor, A)+log{

N -1
: Sk #Scor

(2)
where Scor is the correct word sequence for the token.
Once the misclassification measure, d(-), is given for each
training token, the error function can be evaluated by

1
(O,A) = T o dOA)” (3)

and summing up all the values of the error function over
all token, we can evaluate the loss function

LO,A)= Y IO,A). (4)

all tokens

Finally, replace the value of each parameter by moving
in the direction given by differentiating the loss function
with respect to each parameter;

Tt = 0 — e3(m) 22, (%)

To obtain %, we have to evaluate the differentiation of
the discriminant function g¢{.) given by (1) with respect

to each HMM parameter A, and therefore differentiations
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1
1 Z eny(O,Sk,A)"},

of the score function f(.) over all competitive strings. In
the conventional segmental implementations, the Viterbi
scoring function f(-) is given as a product of transition
probabilities ({ai;}) and output probabilities ({b:;(0)})
and thus the logarithm of the score is given as the sum
of the logarithm of each term,

T T
log (0, $,A) = log(as(e),«r+1) + D log(bu(Or))

t=1 t=1
(6)
for the optimal state sequence {st}g;l. For this form of
score function, differentiation is straightforward.

In forward-likelihood scoring, however, we have to sum
up the scores of all possible state sequences, which is
referred as trellis calculation, and differentiation of the
score functions is not simple. Therefore, we introduce
the matrix operation for calculating forward likelihood
as shown in the next section.

3.2. HMM scoring based on matrix operation

In [7], Singer et al. formulated an integrated framework
for HMM scoring and parsing by a simple matrix op-
eration which they called Matrix Parsing. In matrix
parsing, the probability calculation of an HMM or a se-
quence of HMMs is formalized through matrix operation
on (T'+1) x (T"+ 1) matrices, a likelihood matrix, for the
input speech of length T. The element of the r-th row
of the c-th column of the likelihood matrix stands for
the probability of staying in the HMM state from time
r to time ¢. Thus the likelihood matrix for a one clock
state transition from state 4 to j at arbitrary time for
observation O is given by

0 b:;(On) 0 0

0 0 bii(02) ... 0
4i;(0) = aij x : : : : s

0 0 0 bi;(O7)

0 0 0 . 0

(1)
where a;; is the state transition probability and 4;;(0) is
the output probability. Obviously, for a one clock tran-
sition, the likelihood matrix has a non-zero value at only
the (r, r +1) element, and, in general, likelihood matrices
are upper triangular.

The likelihood matrix of staying at state i for an arbi-
trary time period (from time r to time c) can be repre-
sented as

T
Dii =I+Z¢1i:’t’ (8)
t=1

where I is an identity matrix.

Thus, for a unit HMM consisting of ‘left-to-right’ M-
state with M — 1 loops, the likelihood matrix R is ob-
tained as the product of ¢;; and pi::

R = (p11qi2) ... (pMm—aM—19M10), 9)

assuming that the output probabilities of each state tran-
sition depend only on the source state. For a string model
consisting of N-unit HMMs, the likelihood matrix F is
also the product of R matrices of units as:

F(0,S,A)=Ri1...Rs... Ry, (10)
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where F is a likelthood matrix corresponding to the con-
catenative HMM of unit sequence S, with A as the pa-
rameter set of HMMs and O as the observation sequence.
The forward-likelihood is the likelihood that transit from
the initial state at time O to the final state at time T, i.e.
(1,T + 1) element of the likelihood matrix F, is given by

£(0,8,A)=[1,0...01F(0,5A) | . | . (11)

The merit of the above interpretation of HMM scoring
is to give an analytic form for forward-likelihood calcu-
lation which is usually given by the recursive operation.
Based on this form, we will implement trellis-based ME
training in the next section.

3.3. Trellis-Based ME Training

For the minimum string error training, in [5], Chou et
al. used N-best decoding for finding competitive strings.
Although the same approach can be used for the pro-
posed method, we introduce an alternative approach to
find competitive strings. Because any string other than
the correct string can be generated by inserting, deleting
and/or substituting words to/from the correct string, we
can find the competitive strings and their scores by eval-
uating the discriminant function resulting from each of
the three operations. As shown in Figure 1, the resulting
discriminant function of each of the three operations is
easily calculated by doing the same operation to/from the
product of R; matrices. Thus, evaluating the recognition
accuracy of the given HMM set not only for substitution
errors (8], but also insertion and deletion errors, can be
conducted by the matrix operations. Furthermore, differ-
ential operation on the loss function can be achieved by
summing up all the differentiations of the discriminant
functions of competitive strings as below.

In order to implement ME training, we need to evalu-
ate differentiations of score function f(O, S, A), which is
not simple with the recursive form of calculating forward-
likelihood. With a given analytic form for the forward-
likelihood score (11), however, the differentiation opera-
tion of the loss function can easily be evaluated based on
the matrix operation, which is not straightforward in the
recursive form, as

OF(0,5,4) _ ,  9R.
—_—_——6}‘, = 1.“6A3”.

where A, is a parameter of the HMM for the s-th unit in
the string S. From the definition of R,

oR 3psi - g
ISRCI L 125 SO

(13)

T
Opis - giig1) _  Ogiiva | Igii 1y
6,\,,; = pii - 8A,Yl‘ + 8/\,,.' tz;(thu ) s i,

) (14)
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Deletion
[F:|=ERS”] Ezong Eztwo] @thre} Ezfou:r] I:Rsilj
Substitution Insertion

[Ztwo [Zone]

Figure 1. Matrix calculation of discriminant functions corre-
sponding to insertion deletion and substitution errors, The
correct string is /sil-one-two-three-four-sil/, and the er-
ror string for substitution is /sil-two-two-three-four-sil/, for
insertion /sil-one-two-three-one-four-sil/, and for deletion
/sil-one-two-four-sil /.

where
o 2o o 0
o o (24
aqU(O) :aij)( 8,0
s, : : : :
0 0 0 —L—a";‘,f“’?‘)
0 0 0 '

(15)
Thus, the differentials of the discriminant functions of
competitive strings with respect to Ay, i.e. the parame-
ter of the the i-th state of the s-th unit HMM, are easily
obtained by replacing the corresponding matrix in F with
the differential one.

4. EXPERIMENT

A preliminary experiment has been performed to con-
firm the implementation of the algorithm, using a rather
small amount of data, 120 Japanese connected digit ut-
terances of 19 male speakers out of the 6000 utterances
used in Section 2. To reduce the amount of calculation,
we used three mixture components for the distribution of
8 MFCC parameters and their derivatives, and trained
only mean and weight values (i.e. all variances are fixed
through training.) The initial HMMs are trained by 6000
male utterances using HRest. The training procedure was
as follows:

Step 1 Calculates differentiations of loss function.

Step 2 Generates a set of new parameters descenting in
the direction of the differentiation with several dif-
ferent values of ¢.

Step 3 Selects the best parameters by evaluating the
recognition accuracy and return to Step 1.

In Figure 2, the loss values and the numbers of word
errors are plotted for insertion, substitution and deletion
errors at each reestimation. Since the most dominant
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eletion error O

insertion error ¢

number of iterations

Figure 2. Reduction of the loss value and the number of
errors for each reestimation. The vertical axis is correspond-
ing to both the value of the loss function and the number
of errors.

error of the initial HMM was insertion error, the reduc-
tion of the loss value due to insertion error was the main
source of the reduction of total loss value. By the train-
ing, the number of insertion errors was reduced to the
two third of the original HMM (from 32 to 22), as well
as the loss value due to the insertion error (from 31.9
to 21.7). The correspondance between number of errors
and the loss value also held in the case of the substitution
error, where number of errors was reduced by three and
one in the first and the third iteration, respectively. The
loss value due to the deletion error was not significantly
changed while the training (from 4.15 to 3.60), and the
number of the deletion error was not reduced. The same
tendncy of error reduction was obtained from the recog-
nition experiment using the same number of open data,
where the insertion error was reduced from 40 to 23, sub-
stitution error was reduced from 19 to 14 and no error
reduction was obtained for deletion error.

5. DISCUSSION

The proposed method has two important merits, 1) the
training is nonsegmental, and 2) the discriminant func-
tions of competitive strings can be easily calculated using
the discriminant function of the correct string. As for
the first merit, we believe that non-segmental scoring for
forward-likilihood performs better than segmental one.
Because early papers concluded insignificant difference
between Viterbi and forward-lilelihood, for example [9],
conducted mainly isolated word based experiments, in
which the non-segmental technique is only used for state
sequence but not for inter HMMs. As pointed out in Sec-
tion 2, under some critical conditions of continous speech
recognition where the recognition accuracy exceedes 95
%, the difference between Viterbi and forward-likelihood
scoring is no more insignificant.

We also believe that the second merit is important for
minimizing the string error rate. In string error mini-
mization, a correct string potentially has a great number
of competitive strings, which are sometime very different
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from the correct one and from each other, even though
their scores are comparable with each other. This means
that we have to train the system dealing various kinds of
errors at once. On the other hand, explicitly assuming
the type and source of errors for generating competitive
strings, the proposed method can proceed with training
step by step; first train model A and B to reduce their
substitution, then train model C to prevent insertion er-
rors, etc.

Since we have not completed the evaluation for full im-
plementation with a sufficient amount of training data,
the most important future work will be comparative ex-
periments between proposing ME training and segmental
training.
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