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2 DiISCRIMINATIVE LINEAR TRANSFORMS

Abstract

Linear transforms have been used extensively for training and adaptation of HMM-based
ASR systems. Recently procedures have been developed for the estimation of linear trans-
forms under the Maximum Mutual Information (MMI) criterion. In this paper we introduce
discriminative training procedures that employ linear transforms for feature normalization
and for speaker adaptive training. We integrate these discriminative linear transforms into
MMI estimation of HMM parameters for improvement of large vocabulary conversational
speech recognition systems.

1 Introduction

Linear transforms have been used extensively for both training and adaptation of HMM-based
ASR systems. Two important applications of linear transforms in acoustic modeling are the
decorrelation of the feature vector and the constrained adaptation of the acoustic models to the
speaker, the channel, and the task.

It is well known that explicit modeling of correlations between spectral parameters in speech
recognition results in increased classification accuracy and improved descriptive power. However,
computational, storage and robust estimation considerations make the use of unconstrained, full
covariance matrices in HMM observation distributions impractical. The Maximum Likelihood
Linear Transformation (MLLT) [5, 4] applies a linear transform to the acoustic features in an
attempt to capture the correlation between the feature vector components. To avoid introducing
more parameters than can be reliably estimated, transformations are tied across sets of states.

Linear transforms have also been used in Maximum Likelihood (ML) Speaker Adaptive Train-
ing (SAT) [1]. The goal of SAT is to reduce inter-speaker variability within the training set. SAT
is an iterative procedure that produces a set of speaker independent state observation distributions
along with matched speaker dependent transforms for the speakers in the training set.

The transforms used in MLLT and SAT are estimated under the ML criterion [3, 5, 1]. Dis-
criminative training under the Maximum Mutual Information (MMI) criterion [15] has recently
been shown to be useful in large vocabulary conversational speech recognition (LVCSR) tasks [20].
Its success has triggered an interest in the use of linear transforms estimated under the MMI cri-
terion rather than via ML estimation. These are called Discriminative Linear Transforms (DLT)
[18].

One approach to the use of DLT's is Maximum Mutual Information Linear Regression (MMILR)
which was introduced by Uebel and Woodland [18, 19], who showed that it can be used for
supervised speaker adaptation. Gunawardana and Byrne [7] introduced the Conditional Maximum
Likelihood Linear Regression (CMLLR) algorithm and showed that CMLLR can be used for
unsupervised speaker adaptation.

Maximum likelihood linear transforms have also been incorporated with MMI training. Mc-
Donough et al. [13] combined SAT with MMI by estimating speaker dependent linear transforms
under ML and subsequently using MMI for the estimation of the speaker independent HMM
Gaussian parameters. Similarly, Ljolje [10] combined MLLT with the MMI estimation of HMM
Gaussian parameters. These transforms were found using ML estimation techniques and were
then fixed throughout the subsequent iterations of MMI model estimation.

A common feature extraction method for speech recognition is the Linear Discriminant Analysis
(LDA) [9], where the transforms are estimated by a class separability criterion. Linear MMI
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2. DISCRIMINATIVE LIKELIHOOD LINEAR TRANSFORMS FOR ACOUSTIC NORMALIZATION 3

Analysis (LMA) [16], on the other hand, replaces the class separability criterion of LDA with a
MMI criterion. As observed by Schliiter [16], although for single densities a relative improvement
in word error rate could be observed for LMA in comparison to LDA, the prominence of LMA
diminishes with increasing parameter numbers.

We propose training methods based on the MMI criterion that estimate both HMM acoustic
parameters and linear transforms. We obtain fully discriminative procedures both for feature
normalization and speaker adaptation in MMI HMM training. These procedures are derived by
maximizing Gunawardana’s Conditional Maximum Likelihood (CML) auxiliary function (equa-
tion 4, [6]). This yields the following update rule to be satisfied by the parameter estimation
procedures: given a parameter estimate #, a new estimate 8 is found so as to satisfy

8:3" [atshlf,of; 0) — a(stils 6)] Vologa(elst; 0)

+ 3 () [ atellsls 0)Valogadlisls 8) dof =0. (1)
.

Here, O is the acoustic observation vector sequence and W is the corresponding word sequence.
The pair (@7, 6" ) denotes observed values of these random variables, i.e. the training data. d’ (sll)

leads to the well-known MMI constant. We will show in the subsequent sections how this estima-
tion criterion can be used for feature normalization and speaker adaptation in HMM training.

2 Discriminative Likelihood Linear Transforms for Acoustic
Normalization

The use of linear transforms to model correlations of the feature vector in acoustic modeling
has been discussed by Gales [3]. This modeling technique applies affine transforms to the m
dimensional observation vector o so that a normalized feature vector is found as Ao + b, where A
is a nonsingular m x m matrix and b is a m dimensional vector. The emission density of state s
is assumed to be Gaussian and is therefore reparametrized as

q(¢]s;0) = me*%(TR(S)C*us)TES_l(Tn(s)CﬂLs)_
(2m)™| 2]

Here, T, denotes the extended transformation matrix [b, A,] associated with a group of states
Sy = {s|R(s) = r} for classes r = 1,..., R; ( is the extended observation vector [1 oT]T; and
and ¥ are the mean and variance for the observation distribution of state s. The ¥, are assigned
to be diagonal covariance matices. The reparametrization of the emission density augments the
usual set of HMM parameters with the parameters of the transform. The entire parameter set is
defined as 6 = (T'r(), ts» Zs)-

Our goal is to estimate discriminative likelihood linear transforms and HMM parameters un-
der the CML criterion. The transforms obtained under this criterion are termed Discriminative

Center for Language and Speech Processing
Johns Hopkins University, Baltimore MD 21218



4 DiISCRIMINATIVE LINEAR TRANSFORMS

Likelihood Linear Transforms (DLLT). This estimation is performed as a two-stage iterative pro-
cedure. We first maximize the CML criterion with respect to the affine transforms while keeping
the Gaussian parameters fixed. Subsequently, we compute the Gaussian parameters using the
updated values of the affine transforms. All these estimation steps are done under the CML
criterion.

2.1 DLLT Estimation

In the first part of the two-stage estimation procedure we fix the HMM means and variances and
maximize the CML criterion with respect to the affine transforms. The presentation incorporates
Gales’ [3] treatment of MLLT and Gunawardana’s CMLLR derivation [7].

The parameter update relationship of equation (1) can be simplified by using the Markov
assumptions and noticing that each of the states is uniquely assigned to one of R disjoint trans-
form classes, according to the relation R(s) = r. Therefore we can write logg(l|st;d) as

Dors 25:1 log q(Cr|s; Tr)1s(s,)1-(R(s)) and express equation (1) as:

i
[TT]i : Z Z ’Y;(T; 0) : V[Tr]i IOg q(CA'r's; Tr)

s€S, T=1

+Y b, / (G TV loga(Cls; T)AC =0 i=1,...,m (2)
sES,

where [T}]; denotes the i*" row of T}, and . (7;0) = v5(7;0)—~?(7; ). Here, v5(7;0) = g5, (5|07, 6 ;0)
is the conditional occupancy probability of state s at time 7 given the training acoustics and tran-
scription, and 79 (7;60) = g, (s|6%;0) is the conditional occupancy probability of state s at time 7
given only the training acoustic data, and D, = Zsist:s d'(sh).

With the HMM means and variances fixed, the transform estimate is found by differentiating
the logarithm of the emission density ¢ with respect to [T}]; and substituting the result in equa-
tion (2). The logarithm of the reparametrized conditional density log g((|s; 8) is given by (ignoring
all terms independent of T..):

m

1
logq(¢]s;6) =log(|4r]) = 5 3 (ITo]iZsi[T]]i — 2AT Jiw)
i=1
where R(s) = r and

1

Zs,i = TCCT
Us,i

Ws,i = #CT

8,1
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2. DISCRIMINATIVE LIKELIHOOD LINEAR TRANSFORMS FOR ACOUSTIC NORMALIZATION

Ws,; and o5 ; are the ith elements of the mean and variance vector, for state s.

The gradient of log¢((|s; #) with respect to the parameter component [T..]; is given by

Dr,i
V[Tr]i IOg CI(C|3; 0) = p [TTiT] - [TT]iZs,i + Ws,i
raldy |d

where p,; is the extended cofactor row vector [0 ¢;1 ... ¢im], (cij = cof ((Ar)ij))-

Substituting the above expression for the gradient into equation (2) yields

i
1o Pi m s~
> Yo rs6) (B — s+ 0. )

seS, =1

+3 DS/q(C;TT) (p[pTT] —[T})iZs,; +w) d¢=0. (3)

SES,

The calculation of the integral in equation (3) proceeds as:

[a) (p[pTT] [ )iZei+ w) d¢ =

oy~ o [ e Tacmac+ Bt e =

B _ -
p’l[T;F]’l Os,i

where J, is defined as the matrix

[ 1 [Afl(/is - br)]T :|
Ar_l(/J's - b) Ar_l[zs + (ps — br) (s — br)T]Ar_lT '

Equation (3) can then be written as

> sz 739) ( o~ Z+w> +3 b,

seS, =1 sES,

Rearranging yields

Dr,i
/B'r = = [Lr iG'r,i - krz’
PRTET

where

1 -
5 [Tr]iJs + e

st

[Ts]a

S’L
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6 DiISCRIMINATIVE LINEAR TRANSFORMS

l
Br=> | D 7(r:6) + D,

s€S, \7=1

An iterative solution to the optimization of equation (5) is described by Gales [3], where each row
of T, is optimized given the current value of all the other rows. It can be shown that the i** row
of the transformation matrix is found by

[T]i = (arpri + ki) Grt (6)

where a,. satisfies a quadratic expression (equation B1.8, [3]).

2.2 (Gaussian parameter estimation

This section describes the estimation scheme for both the state dependent Gaussian means and
variances under the CML criterion. With the transforms estimated as described, we denote the
entire parameter set as § = (T, us, 25). Using the Markov assumptions, we can write log g(¢!|s}; 0)

as y Zl;zl log q({,|s;8)1,(s,) and simplify equation (1) as:

0: Z (789(7'; 6) — ys(7; é)) -V, log q(Cr|s;0) = Ds/Q(C? 0~)V§ log ¢(¢;6)d¢ (7)

T=1

Here, the posteriors v,(7;0) and 79(7;6) are estimated for each state using the new transform
estimates and old Gaussian model parameters. To simultaneously update the Gaussian means
and variances in the same pass we will take the derivative of the state dependent emission density
with respect to ps and X.

2.2.1 Mean estimation

The gradient of log ¢((|s; 6) with respect to the parameter component i, is given by

Vi logallesd) = Vo, (—3 (B — ) 27 (B - )

= Es_l (Trc - Ns)
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2. DISCRIMINATIVE LIKELIHOOD LINEAR TRANSFORMS FOR ACOUSTIC NORMALIZATION 7

Substituting into equation (7) and rearranging gives

Xi:%(r;é) (Trér - ﬂs) + Dy (/ a(¢G0)Tr¢d¢ — /q(g; é)ﬂst) -0

=1

Calculating the integral yields

zl: 74 (750) (Tr& - ﬂs) + D, (s — fis) = 0

7=1

Finally the update equation for pg is given by

i . — A
Z‘r:l ’Y;(T’ ) T<T+Ds/~lfs

bs = i =
ET:1 ’Y;(T’ 0) + DS

2.2.2 Variance estimation

The gradient of log g(¢|s; ) with respect to £ is given by

Vs 10gq((|5;0~) = Vg (log 12| — (Trc - ﬂs) 5t (TTC - NS)T)
=3, - (Trc - Ns) (TTC - ,U's)T

Substituting into equation (7) gives

i’Y.;(T; é) (Ss - (TT‘CAT - ﬂs) (Trér - ﬁs)T>
T=1
+ Ds/q(ds;é) (is - (Trc - ﬂs) (Trc - ﬂs)T) dC =0. (9)

Calculating the integral in the previous equation gives

5, - / a(Cls:8) (To¢ — ) (B¢ — o) T d¢ =
S, - il — / a(Cls;0) (T CCTTT — ToCiT — ¢TI d¢ =
- 35— /"s,"‘z + /'LSI_‘Z + IJSNZ - ﬁsﬂsT

Substituting the integral into equation (9) yields
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8 DiISCRIMINATIVE LINEAR TRANSFORMS

i ~ _ N N T
> 7(r30) (Es —~ (TTCT - ﬂs) (Trg _ ﬁs) >
T=1
+ D, (85 — 85 — psp? + pspil + fispul — pspl) =0

Using the fact that i, is given by equation (8) we can obtain the reestimation formula for the new
estimate of X, as

i (o G\ £ AT AT T
— T;GTT‘T‘,—T +Ds 25"’ s
27_1 ’Ys( )i C C 7‘~ ( M /"‘s) _ﬁsﬂz (10)
> =1 75(136) + D

This concludes the estimation procedure for the parameters of the DLLT model. We have
presented a two-step, iterative procedure. The transforms are estimated via equation (6) which
is iterated until the [T;]; parameters converge. After this MMI Gaussian parameter estimates are
found via equations (8) and (10).

s, =

2.3 Effective DLLT estimation

On inspection of the definition of G; it can be seen that the resulting transform will have dominant
diagonal terms when the covariance ¥ in J; is diagonal. Specifically, the diagonal terms of
s+ (s — by) (s — by)T dominate slightly when ¥, is diagonal. This holds even for small values of
Dy, and the large values of D, as used in MMI further exaggerate this effect. In these situations,
the resulting DLLT transform is effectively identity. We note that MLLT does not have this
problem since it has no D, or J; terms. We have found it effective to replace ¥, in Js by the
estimate of its full covariance matrix as found from the most recently computed statistics. Using
the full covariance form in J; prevents the diagonal terms from dominating the new transform.
We stress however that the full covariance is not used elsewhere; it is not used in the estimation
of the Gaussian emission densities.

3 Discriminative Speaker Adaptive Training

Speaker Adaptive Training (SAT) [1] has been shown to be effective in improving the performance
of speaker independent LVCSR systems. For each speaker, a transform is applied in the estimation
of the state dependent observation distributions in order to reduce the inter-speaker variability
within the training test.

In SAT the emission density of state s is reparametrized for each speaker k as

Q(ols, k60) = — L e~H(oTPE)TE (0 1e),
@]

Here, Tr(k) is the extended speaker dependent transformation matrix [bgk) Aﬁk)]; and & is the
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3. DISCRIMINATIVE SPEAKER ADAPTIVE TRAINING 9

extended mean vector [1 uz]T. The augmented state dependent parameter set is defined as § =
(TT(k),/,LS, ¥;), for all speakers k.

Our objective is to compute the speaker dependent transforms and speaker independent param-
eters of the state dependent distribution under the CML criterion. We call this Discriminative
Speaker Adaptive Training (DSAT). We first maximize the CML criterion with respect to the
speaker dependent affine transforms while keeping the speaker independent means fixed to their
current values. Subsequently, we compute the speaker independent means using the updated val-
ues of the speaker dependent affine transforms. All these estimation steps are done under the
CML criterion.

In SAT the training data are collected from a population of K speakers. To incorporate
information about the speaker identities into the CML framework, we modify the observed random
processes to include a sequence that labels each observation vector by the speaker who uttered
it: (6f, kL w™). The train objective therefore becomes the maximization of p(w’| &, kL;0). The
parameter update relationship of equation (1) can be modified to include the speaker identity as
follows:

0:> [q(31|w17617k1a 0) — q(sh|6r, ki 9)] - Vo log q(6}, ki|s}; 0)

i
51

+de(‘)/ (o, i 15k 6) - Vi loga(ol, kl|sl; 8) dol =0. (11)

Using the Markov assumptions we can write log q(él;, l;:{ |sl;; 0) as
ks Lo 108 (67 |5, k3 0) 15 (kr)14(s;)1,(R(s)). Equation (11) then becomes:

0:3 > > (r0)Velogq(érs, k; )

k,r SE€ESr 1k, =k

-1-ZZD(’c / (o|s, k; 8)Velogq(o|s, k; 8) do . (12)

k,r s€S,

where we define v/ (75 0) = 7v5(7;0) —v4(7; 0). Here, v5(7;0) = gs. (s|w} ,ol, kl, 0) is the conditional
occupancy probability of state s at time 7 given the training acoustics and transcription; v9(7;0) =
qs. (s|ol, kl, 0) is the conditional occupancy probability of state s at time 7 given only the acoustic

training data; and D) = Dk ngst:s d’(sl) .

3.1 Estimation of DSAT Transforms

With the HMM parameters fixed, the parameter update relationship of equation (12) can be
expressed as:
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10 DiISCRIMINATIVE LINEAR TRANSFORMS

TH = 3™ N~ 4(130) - Voo log q(6r]s, ks T, g, B)
SE€ESr 1k, =k

+ > DM / g(ols, ks T, s, 25)V 1o log g ol s, ks T, s, B) do = 0. (13)
SES,

The gradient of logarithm of the emission density ¢ with respect to Tr(k) can be found as

1 T
5 . VT(’“) ((O _ T,,gk)gs) E;ITl,gk)Es + é‘STTT(kJ)TESlO)

=57 (0— TP, ) €T

Va logg(ols, k; 6) =

Substituting this into equation (13) gives

> 3 s (o -THe) el + 30 DI [ a(ols, 5T (o~ T, ) ldo= 0

SESr 11, =k s€S,

from which it follows that the new transform estimates 7. should satisfy:

Yosit Y m )6, + DMTWE | €8 =3 [ Y 44(r0) + DI | ST WL

SES, Tikr=k €Sy \rik,=k
(14)

Here, the state occupancies are found via counts accumulated for each speaker under the initial
parameters (Tr(k), sy D).

3.2 Mean estimation

We now describe the estimation scheme for the state independent Gaussian means. With the
new speaker dependent transform estimates fixed the state dependent parameter set is now 6 =
=(k
(T, 15, Ss)-
From equation (12), the Gaussian means are found as:

st Z Z 7;(7_; é) Vi, lqu(éT|S, k§T7§k)a/?"57 Es)
k T:k,:k

+ Zng) /q(o|s, ks T g, %) - V., logg(ols, ks T8 fig, £5)do = 0. (15)
k

In a similar fashion by taking the derivative with respect to the speaker independent mean we
have:

V., logg(o|s, k; Tr(k)’ Ps; Bs) = Agk)TE;I (O - ng) - Av(*k)/J’S)
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3. DISCRIMINATIVE SPEAKER ADAPTIVE TRAINING 11

Substituting the above expression for the gradient into the update rule of equation (15) gives

2 X A BANTE (o0 - ) + S0 [ ol ki) 4975, (o) do =0
rikr=k k
where ﬂgk) = /1,(]“) Ls +l_)£k), defined as the speaker dependent mean. Calculating the integral yields

> Y AnHOHADTSE (o, — aP) + 30 DB ADTE LA (u, — i) do = 0
k rilr=k k

Finally, given the new estimate of the speaker dependent transform TT(k), speaker independent
means are then reestimated as

-1

Bs= > | D %m0 +DW | APTS AR | x
k T:k.,.:k

S ABTE S i) (6, —B9) + DWAG L, | . (16)
k ‘r:l::,-:k
3.3 Variance estimation

With the new speaker dependent transform estimates fixed the state dependent parameter set is
now 6 = (T}k),ps, Xs).
From equation (12), the Gaussian variance is found as:

Z > (r30) - Vi log (6,15, TR, i, )

Tikr=Fk

+ZD(’“) / (o]s; T¥, psy B5) V-1 log g(os; TF), fis, E5)do = 0. (17)

In a similar fashion by taking the derivative with respect to the speaker independent variance we
have:

Vgt logq(o|s;T,§k),ﬂs,Es) =3, - (0 - ﬂ(sk)) (0 - ﬂgk))T

where u = A k) s + b , defined as the speaker dependent mean. Substituting the above
expression for the gradlent 1nto the update rule of equation (17) gives
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12 DiISCRIMINATIVE LINEAR TRANSFORMS

~ T
Z Z 7.;(7—; 0) (Es - (67' - ﬂgk)) (67‘ - ﬂgk)) >
k T:E,-:k
- T
+y D® /q(OIS;us) (Es — (o — ng'“) (o - ﬁg’“)) ) do=0.
k
Rearranging the previous equation and calculating the integral yields

Y| X ne)+DE | £ =

ko \rik.=k
) (6. — 2™ (5. — 2"
; Z v.(7;6) <O7— I )(Or B )
0 (2= (A, +50) " = T (A0 +5) )
+ 0 (FOROT + (40, +50) " (A0, +10))

Finally, given the new estimate of the speaker dependent transform Tr(k), and the new estimate of
the speaker independent mean [, the speaker independent variances are then reestimated as

S (St i) (o= 19)") + D (3, + (40, - 495.)°)
) S (Zrdomy im0 + DY)

The state occupancies are found via counts accumulated for each speaker using the new speaker

s

(18)

dependent transform estimates. The constants ng) are set on a per speaker basis. They are
determined by the posteriors [20] and guarantee that the first term in the right-hand side of
equation (16) is a positive-definite matrix. This term need only be accumulated once for all
speakers, thus making the parallel execution of DSAT algorithm feasible.

This derivation describes a two-stage, iterative procedure. Initially, speaker dependent trans-
forms are estimated via equation (14), after which speaker independent MMI Gaussian parameters
are found via equation (16) and equation (18).

4 Experimental Results

4.1 System Description

The system is a speaker independent continuous mixture density, tied state, cross-word, gender-
independent, triphone HMM system. The baseline acoustic models used as seed models for our
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4. EXPERIMENTAL RESULTS 13

MLLT DLLT-1 DLLT-2

Swepl | SwBD2 | SWBD1 | SWBD2 | SWBD1 | SWBD2
0 41.1 51.1 41.1 51.1 * *
1 38.4 49.6 38.2 49.2 374 48.6
2 38.2 49.5 37.3 48.9 36.8 48.6
3 38.2 49.3 37.8 48.8 - -
4 37.7 49.2
5 37.9 49.0
6

* 37.8 49.0

Table 1: Word Error Rate (%) of systems trained with MLLT and DLLT and tested on the Swbdl
and Swbd2 test sets. MLLT and DLLT-1 systems are seeded from the ML baseline (iteration 0).
DLLT-2 is seeded from models found after 6 MLLT iterations.

experiments, were built using HTK [21] from 16.4 hours of Switchboard-1 and 0.5 hour of Callhome
English data. This collection defined the development training set for the 2001 JHU LVCSR
system [2]. The speech was parameterized into 39-dimensional PLP cepstral coefficients with
delta and acceleration components [8]. Cepstral mean and variance normalization was performed
over each conversation side. The acoustic models used cross-word triphones with decision tree
clustered states [21], where questions about phonetic context as well as word boundaries were
used for clustering. There were 4000 unique triphone states with 6 Gaussian components per
state. Lattice rescoring experiments were performed using the AT&T Lange Vocabulary Decoder
[14], using a 33k-word trigram language model provided by SRI [17].

The recognition tests were carried out on a subset of the 2000 Hub-5 Switchboard-1 evaluation
set (SWBD1) [12] and the 1998 Hub-5 Switchboard-2 evaluation set (SWBD2) [11]. The SWBD1 test
set was composed of 866 utterances consisting of 10260 words from 22 conversation sides, and the
SWBD2 test set was composed of 913 utterances consisting of 10643 words from 20 conversation
sides. The total test set was 2 hours of speech.

To define the number of transforms and assign the Gaussians in the model set to clusters
we employed a variation of the HTK regression class tree implementation [21]. All states of
all context-dependent phones associated with the same monophone were assigned to the same
initial class. The HTK splitting algorithm was then applied to each of the initial classes with the
additional constraint that all the mixture components associated with the same state belong to
the same regression class.

Discriminative training requires alternate word sequences that are representative of the recog-
nition errors made by the decoder. These are obtained via triphone lattices generated on the
training data. Our approach is based on the MMI training procedure developed by Woodland and
Povey [20]. However, rather than accumulating statistics via the Forward-Backward procedure at
the word level, we use the Viterbi procedure over triphone segments. These triphone segments
are fixed throughout MMI training.

4.2 DLLT Results

We conducted a series of experiments to compare DLLT to MLLT. Throughout these experiments
we used a fixed set of 467 transform classes generated by the above described clustering algorithm.
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14 DiISCRIMINATIVE LINEAR TRANSFORMS

Our first experiment kept the parameters of the HMM observation distributions fixed at their ML
values. The SWBD1 ML baseline Word Error Rates is 41.1%. The first and second iteration of
MLLT yield Word Error Rates of 39.1% and 39.4%, showing overtraining at the second iteration.
DLLT yields Word Error Rates of 38.5% and 38.3% at the first and second iteration. Similar
performance was found on SWBD2. These experiments show that discriminative estimation of
linear transforms improves over ML estimation for feature normalization.

We now investigate the incorporation of MLLT and DLLT in full system training. In the MLLT
experiments, the observation densities were estimated under ML; in the DLLT experiments, MMI
was used to estimate the HMM parameters. Initially, starting from the baseline ML trained system
(indicated at iteration 0), we obtained both MLLT and DLLT systems, presented in the columns
MLLT and DLLT-1 of Table 1. In the second experiment, DLLT was initialized by a well-trained
MLLT system found at MLLT iteration 6. Its performance is indicated in the DLLT-2 columns of
Table 1.

As is apparent from Table 1, DLLT converges faster than MLLT. After two iterations, DLLT
yields better performance (37.3%/48.9%) than six iterations of MLLT (37.8%/49.0%). Moreover,
DLLT consistently outperforms MLLT. The second set of experiments show that even when MLLT
is fully trained, DLLT is able to further improve the WER. Note that DLLT-2 yields better
performance (36.8%/48.6%) than DLLT-1 (37.3%/48.9%). This points out the importance of a
proper initialization of the DLLT procedure.

4.3 DSAT Results

We conducted a series of experiments to compare DSAT to ML-SAT estimation. Throughout these
experiments we used a fixed set of 2 regression classes corresponding to speech and non-speech
states. Table 2 shows the performance of the ML-SAT and DSAT model set updated.

ML based speaker adaptive training was seeded by a MMIE model (iteration 0). We per-
formed multiple iterations of ML-SAT on the training set. DSAT was initialized by a well-trained
ML-SAT system found at iteration 5. The DSAT mean and transformation parameters were rees-
timated at each iteration under the CML criterion. The best DSAT result was obtained after 5
iterations (33.4%/44.2%). For comparison we present results with further iterations of ML-SAT
(34.1%/44.9%). These results show that discriminative estimation improves over ML estimation of
speaker dependent transforms and speaker independent mean parameters. While DSAT was found
superior to ML-SAT, performing ML-SAT subsequent to MMI is needed for the best initialization
of DSAT.

5 Conclusions

This paper describes the integration of discriminative linear transforms into MMI estimation for
LVCSR. We have developed estimation procedures that find DLTs in conjunction with MMI for
both speaker adaptive training and feature normalization. We present CML reestimation formulae
for each of these training scenarios and discuss modeling approximations needed for their effective
implementation.

We have found that discriminative versions of speaker adaptive training and feature normaliza-
tion outperform ML training. These new training procedures were evaluated on the Switchboard
corpus where each gives approximately 0.8% absolute Word Error Rate improvement over the ML
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ML-SAT DSAT

Swsp1l | SWBD2 || SWBD1 | SWBD2
0 35.9 47.0 * *
1 35.7 45.6 34.1 44.7
2 35.2 45.4 33.8 44.6
3 35.0 45.2 33.6 44.5
4 34.7 45.1 33.4 44.3
5% 34.5 44.9 334 44.2
6 34.3 45.0
7 34.0 45.0
8 34.1 44.9

Table 2: Word Error Rate (%) of systems trained with ML-SAT and DSAT estimation and
evaluated on Swbdl and Swbd2 test sets. The ML-SAT models were initialized by MMI trained
models. The DSAT models were seeded from models found after 5 ML-SAT iterations. Results
include unsupervised MLLR speaker adaptation.

estimation procedures. We also note that iterative estimation of the DLT and HMM parameters
yields optimum results. Given that these two modeling approaches are intended to capture dis-
tinct acoustic phenomena, there is the promise that DSAT and DLLT may yield complementary
improvements in performance when used together.
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