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Abstract

We present asimplified derivation of the extended Baum-Welch
procedure, which shows that it can be used for Maximum Mu-
tua Information (MMI) of a large class of continuous emis-
sion density hidden Markov models (HMMs). We use the ex-
tended Baum-Welch procedure for discriminative estimation of
MLLR-type speaker adaptation transformations. The result-
ing adaptation procedure, termed Conditional Maximum Likeli-
hood Linear Regression (CMLLR), is used successfully for su-
pervised and unsupervised adaptation tasks on the Switchboard
corpus, yielding an improvement over MLLR. The interaction
of unsupervised CMLLR with segmental minimum Bayes risk
lattice voting procedures is also explored, showing that the two
procedures are complimentary.

1. Introduction

Discriminative training of acoustic hidden Markov models
(HMMs) with Gaussian mixture emission densities [1] under
a maximum mutual information (MMI) criterion has recently
found to be useful in conversational large vocabulary continu-
ous speech recognition (LVCSR) tasks [2]. In this paper we in-
vestigate the use of similar discriminative techniquesin speaker
adaptation using a variant of the popular maximum likelihood
linear regression (MLLR) technique [3, 4]. The argument for
estimating MLLR-style speaker adaptation transformations un-
der a MM criterion is very much the same as the argument
for MMI estimation of speaker independent (SI) HMMs. While
conventional maximum likelihood (ML) techniques would be
optimal in the large data case if the true distribution of the
acoustics was in fact an HMM, this not true in practice because
the HMM assumption ishighly unrealistic, and because we have
finite training data in practice [5]. We present preliminary ex-
periments on supervised and unsupervised speaker adaptation
on the Switchboard corpus, which show that MMI estimates
may in fact outperform ML estimates.

The paper isorganized asfollows. After abrief introduction
to MMI estimation Section 2, we review the extended Baum-
Welch procedure for MMI estimation of continuous emission
density HMMs. We give a novel derivation of the extended
Baum-Welch procedure, which shows that it can be used to
find discriminative estimates of MLLR-type speaker adaptation
transformations. In Sections 3 and 4, we present results using
this algorithm for supervised and unsupervised adaptation on
the Switchboard corpus. In Section 4, the interaction of this
algorithm with a novel segmental minimum Bayes risk voting
procedure [6] is explored.

2. MMI Estimation

In MMI estimation of acoustic HMMs [7, 1, 8], the god is to
find acoustic model parameters 6 that maximize the mutual in-
formation estimate

g7, 0%; 6)

IWl,0r; ) =log "L 7/
q(w}) q(6t; 0)

)

Here, the random variables W and Of denote a word se-
guence of random length IV and an acoustic observation vector
sequence of random length L. The HMM state sequence St
is hidden, and does not enter explicitly into the expression. The
training data (@, 64 ) areaparticular redlization of (W7, O1).
Note that without loss of generality, we will represent the en-
tiretraining (or adaptation) data by (7, 6% ), even when it con-
sists of independent utterances. The language model probabil-
ity gy~ (w7 of aword sequence wi and the acoustic model

likelihood g . vy v (o4 |wy; ) of an acoustic observation se-
quence o} given the word sequence w? are denoted ¢(w?) and
q(ot |w?; ) for brevity, asisthe marginal likelihood g(o%; ).
It is easy to see that since the language model is independent
of the acoustic model parameters 6, maximizing the mutua in-
formation estimate I(W7{¥, OF; 6) is equivalent to maximizing
the conditional likelihood g (@ [61; 6) of the training word se-
quence @} given the training acoustic sequence 6} .

2.1. The Extended Baum-Welch Algorithm

Normandin [9] derives an extended Baum-Welch algorithm us-
ing a discrete approximation to the Gaussian density, and an
extension of the Baum-Eagon inequality [10] due to Gopalakr-
ishnan et al [7]. In the case where only the Gaussian means are
updated (i.e. 6§ = p), this derivation shows that the conditional
likelihood is increased by reestimating the Gaussian means ps
of the HMM states s according to
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is the conditional occupancy probability of state s at time =
given the training acoustics and transcription, and

7 7 (7) = as. (s161; 0©) @

is the conditional occupancy probability of state s at time
given the training acoustic data but not its transcription. Note
that for simplicity we have assumed that the state emission den-
sitiesare single Gaussians. Thereisno loss of generality in this,
since HMMs with Gaussian mixture emission densities can be
represented as HMMs with single Gaussian emission densities
by using more states [11].

The extended Baum-Welch procedure can be derived with-
out the discrete approximation to the Gaussian density men-
tioned above, and in fact appliesto ageneral class of continuous
HMM emission densities. We now present an outline of such a
derivation which shows that the extended Baum-Welch proce-
dure can be used for conditional maximum likelihood (CML)
estimation of general continuous emission density HMMs. We
apply it to the problem of estimating MLLR-type affine trans-
formations of the Gaussian means. A detailed derivation is
givenin[12]. The derivation depends on the following two sim-
ple propositions, thefirst of which follows Gopalakrishnan et al.
[7] and the second of which is a direct application of Jensen’'s
inequality.

Proposition 1 Let P(f) = % be the ratio of two posi-

tive real valued functions Q and R on ©. Given a value
¢ € © and areal constant D', define the function F(0|¢') =
Q(0) — P(¢)R(6) + D'. Then F(0|¢') > F(¢'|¢') implies
that P(6) > P(#").

Proposition 2 Suppose f is a positive real valued function on
X x ©,and F(f) = [, f(z,0) dz. Then,

/ f(z,6) log f(z,6) da > / f(z,6)log f(z,0') dz
X X
implies

F(9) > F(8).

Note that the integral over X’ isasummation if X" isdiscrete.
We now observe that the conditional likelihood g (@76} ; 6)
is the ratio between the joint density ¢(@f,6%; 6) and the

marginal density q(ol, 6), so that we can apply Proposition 1
with any real constant D’ and F' defined as
F(9|9,) = Q(w?7611: 9) - q( | ) q(oh 0) + D

Taking X’ to be the product space of all i-length state sequences

sl1 and all i- length observation vector sequences o}, we can

write
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where 1 isthe indicator function of the singleton set {6; I
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Choosing d’ (and therefore D') to ensure that f is positive,
we can apply Proposition 2 with F(§) = F(6]"). Thus choos-
ing a parameter update 6°+1) so that
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s}
is maximized with respect to 6 guarantees that
q(@i|et; 6%T) > q(wf|ol; 6). Dividing through
by q(@?,6%; 6®) and using calculus to perform the
maximization yields
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Substituting the Gaussian state emission density
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into equation (7) and choosing d(s{) appropriately yields the
update rule of equation (2).

q(ols; p) =

2.2. Conditional Maximum Likelihood Linear Regression

In MLLR [3, 4], the emission density of state s is
reparametrized as

1 e~ (07
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with @ consisting of affine transformations T, for regression
classesr = 1,--- , R. Subgtituting this into equation (7) can
be shown to yield the following reestimation equation:
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where D, = Y ; d(sh) 3, 1(sy(s-).

Since estimafi ng speaker adaptation transformations using
this reestimation equation increases the conditional likelihood
q(w?|64; T), wecall the resulting procedure Conditional Max-
imum Likelihood Linear Regression (CMLLR). Note that it dif-
fersfrom MLLR by the presence of the conditional occupancy
probability ¢ *) given the acoustic data, and the relaxation
term D;.

In practice, vJ (p)(T) is found by performing the forward-

backward procedure against o’1 using a recognition lattice
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weighted by language model probabilities. This corresponds
to the approximation

Cupec awl) a(silw?) a(6ilsy; 6)
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The constants D, which control the ‘learning rate’ of the algo-

rithm [1] are fixed to be C 32L_, 4¢ @ (7) for some constant
C, assuggested in [2]. In the following experiments, aunigram
language model is used in computing g(s]6%; 6).

3. Supervised CMLLR Adaptation

Supervised adaptation experiments were performed on a sub-
set of the the 2000 Hub-5 Switchboard-2 [13] evaluation set.
A supervised adaptation task was simulated by splitting each
conversation side in half and using one half as enrollment data
(along with the true transcription) and the other half astest data,
and vice versa. The test set was chosen so that the pronuncia-
tions of al enrollment words were known. This test set was
composed of 866 utterances consisting of 10,260 words from
22 conversation sides, of 1 hour total duration.

The S| acoustic models were built using HTK [11] from
150 hours of Switchboard-1 and 14 hours of Callhome English
data. The acoustic features used were 39-dimensional PLP cep-
stral coefficients with delta and acceleration components [14].
Cepstral mean and variance normalization, as well as speaker
normalization through abilinear transform [ 15] were performed
over each conversation side. The acoustic models used cross-
word triphones with decision tree clustered states [11], where
questions about phonetic context as well as word boundaries
were used in clustering. There were 8340 unique triphone states
with 16 Gaussian components per speech state. Lattice rescor-
ing experiments were performed using the AT& T Large Vocab-
ulary Decoder [16], using a 33k-word trigram language model
provided by SRI [17]. The SI word error rate (WER) is 38.7%.

WER results using MLLR and CMLLR on both the test
and enrollment sets are shown in Figure 1. Both MLLR and
CMLLR were performed with two regression classes, corre-
sponding to speech and non-speech states, while the relaxation
constant C' was set to unity for CMLLR. It can be seen that
the extended Baum-Welch algorithm is successful at improving
the enrollment WER, as would be expected from a discrimina-
tive training agorithm. CMLLR aone gives an improvement
(to 36.7% WER) over Sl (38.7% WER), but fails to improve
upon MLLR (36.3% WER). When CMLLR is used in addition
to MLLR, asmall improvement (to 35.8% WER) results.

4. Unsupervised CMLLR Adaptation

Unsupervised CMLL R adaptation experiments were performed
in the course of system development for the 2001 Hub-5
LVCSR evauation. Adaptation experiments were performed
on the 1998 Hub-5 Switchboard-1 evaluation set (Swhd-1) [18]
and the 2000 Hub-5 Switchboard-2 evaluation set (Swhd-2)
[13]. The baseline system was as described above with the ad-
dition of speaker adaptive training (SAT) [19] and a refinement
of the acoustic model state clustering.

The recognizer output from an intermediate stage of pro-
cessing which did not use the refined state clustering was used
as the reference transcription ? for adaptation; this transcrip-
tion had a WER of 25.9% on Swhbd-1 and 40.7% on Swhd-2.
Asshown in Table 1, CMLLR gives a small improvement over

Test Results

— MLLR
- - CMLLR |+

Cheating Results
40 : : :
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- - CMLLR

WER

25 . . . .
0 2 4 6 8 10

Iteration

Figure 1: Comparison of WER on both the test and enroll-
ment (cheating) setsfor supervised adaptation using MLLR and
CMLLR. Although CMLLR aone does not give as big an im-
provement over the S| WER as MLLR, it does provide a small
improvement when used in addition to MLLR. Results of the
cheating experiments show that CMLLR is more successful
than MLLR in reducing the enrollment set WER.

Swbd-1  Swhd-2

MLLR 257%  40.5%
MLLR +CMLLR 255%  40.2%
MLLR +LCER 25.0%  39.5%

MLLR +CMLLR+LCER 25.0% 39.5%

Table 1. Comparison of WER results for a first pass of un-
supervised adaptation with MLLR and CMLLR on Swhd-1
and Swbd-2. MLLR indicates performing only MLLR and
MLLR+CMLLR indicates performing CMLLR after MLLR.
MLLR+LCER and MLLR+MCLLR+LCER indicate using lat-
tices rescored with the corresponding adapted models for
LCER.

MLLR on both test sets. However, when the lattice cutting e-
ROVER (LCER) [6] segmental minimum Bayesrisk voting pro-
cedureis used to combine hypotheses from the lattice, thisgain
islost.

Since applying LCER to MLLR-rescored lattices makes a
better transcription @} available, we perform a second pass of
adaptation using thisimproved transcript. As shown in Table 2,
the CMLLR results show a small improvement due to the better
transcript, whereas the MLLR results do not. Furthermore, this
gainisnot lost when LCER is performed on the second pass.

5. Discussion

We have presented a simplified derivation of the extended
Baum-Welch procedure, which shows that it can be used
for CML estimation of arbitrary continuous emission density
HMMs. We use this result to derive an agorithm to estimate
MLLR-type speaker adaptation transformations of the HMM
Gaussian means. Initial experiments on the Switchboard cor-
pus show that the resulting CMLLR procedure is useful in both
supervised and unsupervised adaptation tasks. However, these
results are highly preliminary, and much remains to be done in
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Swbd-1  Swhd-2
MLLR 25.5%  40.4%
MLLR +CMLLR 252%  39.9%
MLLR +LCER 249%  39.5%
MLLR+CMLLR+LCER 247%  39.2%

Table 2: Comparison of WER results for a second pass of un-
supervised adaptation with MLLR and CMLLR on Swhd-1 and
Swhd-2. The rows correspond to those of Table 1.

determining the optimal manner in which to use this discrimi-
native adaptation technique.

The question of how powerful alanguage model to use dur-
ing estimation, and how it should be balanced relative to the
acoustic model still need to be explored. Although the results
above were obtained by performing the forward backward pro-
cedure over recognition lattices, the use of segmental proce-
dures may actually perform better [2]. Using such procedure
would alow the use of bigram and trigram language models
during estimation. The unsupervised adaptation experiments
show that CMLLR is more sensitive to the quality of the adap-
tation transcription than MLLR. Since CMLLR is a discrimi-
native procedure, we would reasonably expect it to be more ef-
fective as the accuracy of the adaptation transcription improves.
Here, we use LCER to obtain a better adaptation transcription
for CMLLR, and believe that there may be deeper connections
between the two procedures. Despite these open questions, the
results presented here show that CMLLR behaves differently
from MLLR, and that it can be used to improve recognition per-
formance. How best to employ it isafocus of ongoing research.
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