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ABSTRACT

In the past few years, transformation-based model adaptation
techniques have been widely used to help reducing acoustic
mismatch between training and testing conditions of automatic
speech recognizers. The estimation of the transformation param-
eters is usually carried out using estimation paradigms based on
classical statistics such as maximum likelihood, mainly because
of their conceptual and computational simplicity. However, it
appears necessary to introduce some constraints on the possible
values of the transformation parameters to avoid getting unrea-
sonable estimates that might perturb the underlying structure of
the acoustic space. In this paper, we propose to introduce such
constraints using Bayesian statistics, where a prior distribution
of the transformation parameters is used. A Bayesian counter-
part of the well known maximum likelihood linear regression
(MLLR) adaption is formulated based on maximuma posteri-
ori (MAP) estimation. Supervised, unsupervised and incremen-
tal non-native speaker adaptation experiments are carried out to
compare the proposed MAPLR approach to MLLR. Experimen-
tal results show that MAPLR outperforms MLLR.

1. INTRODUCTION

Acoustic mismatches between training and testing conditions of
an automatic speech recognizer can significantly upset the recog-
nition accuracy, and in the past few years, acoustic model adap-
tation techniques have been shown as an efficient way to re-
duce these discrepancies, whether they may arise from changes in
speaker characteristics, speaking environment or incorrect mod-
eling assumptions [1].

Let Λ be a set of speaker-independent (SI) hidden Markov
models (HMM). A transformation-based model adaptation con-
sists of applying some transformationsFη(�) to various clusters
of HMM parameters. Given some adaptation data,Y, the objec-
tive of the adaptation is first to derive the parametersη of the
transformations, and then use the transformed modelsFη(Λ) to
recognize the incoming speech. The estimation ofη is tradition-
ally carried out using classical statistics that assume thatη are
some fixed but unknown parameters. Because of its simplicity,
the maximum likelihood (ML) criterion is usually chosen, which
states that̂ηML should maximise the likelihood of the adaptation
data given the transformed model,p(YjΛ;η):

η̂ML = argmax
η

p(YjΛ;η): (1)

However, maximum likelihood estimation does not introduce any
constraints on the possible values ofη and relies only on the adap-
tation dataY and the original acoustic modelΛ. It is therefore
desirable to constraint the possible values ofη to avoid getting
a transformed modelFη(Λ) that might corrupt the underlying
structure of the acoustic space. Moreover, a poorly structured
transformation can lead to a quick saturation of the performance
improvement provided by the adaptation.

A possible solution to this problem is to introduce some con-
straints on the values of the transformation parameters. This can
be achieved by introducing a constraint of the formg(η) = 0 dur-
ing estimation, whereg(�) is the constraint. It is however quite
difficult to specify and justify the choice ofg(�). Rather than re-
lying on such an ad-hoc formulation, a mathematically attractive
alternative can be formulated by carrying out the parameter esti-
mation under a Bayesian statistical framework. Under a Bayesian
formalism,η is no longer fixed but random, and is therefore de-
scribed by its probability density function (pdf),p(η). The den-
sity p(η) represents the prior knowledge that we might have on
the values that the transformation parameters can take. This con-
straint can be formally inserted in the estimation process by using
a maximuma posteriori(MAP) criterion:

η̂MAP= argmax
η

p(ηjY;Λ)

∝ argmax
η

p(Yjη;Λ)p(η):
(2)

The MAP criterion simply states that some values ofη, described
by the prior densityp(η), are more likely than others and this
knowledge is used to constraint the estimation process. If the
prior distribution reflects transformation parameters preserving
the structure of the acoustic space, then the MAP-estimated trans-
formation parameters will also incorporate that knowledge. Ob-
viously, the performance of the algorithm is highly related to a
proper choice of the prior distribution. However, this prior dis-
tribution can also be trained and the whole process is entirely
data-driven.

In this paper, we focus on a simple transformation family
which consists of applying an affine transformation to each clus-
ter of HMM mean vectors, ˆm= Am+b, wherem is an original
mean vector,A is a square transformation matrix,b is a trans-
lation vector and ˆm is the transformed mean vector. When the
estimation criterion is maximum likelihood, this adaptation sce-
nario corresponds to the well-known maximum likelihood linear
regression, or MLLR technique [2]. Rather than carrying out the
estimation using maximum likelihood, we derive an estimate of
η = (A;b) using MAP. The proposed MAPLR algorithm is de-
scribed in section 2. Experimental results are given in section 3
where the performance of MLLR and MAPLR are compared on
a non-native speaker adaptation task. Section 4 concludes the pa-
per.

2. MAXIMUM A POSTERIORI LINEAR REGRESSION

2.1. Notations

In the following sections, we derive an estimate ofη using MAP
whenΛ is a continuous density hidden Markov model (HMM).
In a given staten, the pdf of an observation vectory is modeled
by a mixture ofM Gaussian distributions:

p(yjS= n) =
M

∑
m=1

ωn;mN (y;µn;m;Rn;m); (3)
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whereN (y;µn;m;Rn;m) is a Normal distribution of meanµn;m and
precision matrixRn;m defined as:

N (y;µn;m;Rn;m) ∝ jRn;mj
1=2

�exp

�
�

1
2

tr(y�µn;m)(y�µn;m)
0Rn;m

�
: (4)

A mean vectorµn;m 2 Rp is adapted using an affine transfor-
mationη = fA;bg, whereA2 Rp�p is the transformation matrix
andb2 Rp is a bias vector:

µ̂n;m = Aµn;m+b: (5)

For notation simplicity and as commonly done in the MLLR for-
mulation [2], the above transformation can be represented using
a singlep� (p+1) transformation matrixW = (A;b) applied on
an extended mean vector ˜µn;m defined as ˜µ0n;m = (µ0n;m;1). Equa-
tion (5) becomes:

µ̂n;m=Wµ̃n;m: (6)

Clusters of mean vectors are also defined (based on phonetic or
acoustic similarity) so that all mean vectors from the same cluster
c share the same transformationWc.

2.2. Selection of the prior densityp(W)

As usual in MAP estimation, the choice of the prior densityp(W)
can be based on some physical considerations regarding the pa-
rameterW or on some mathematical attractiveness like the ex-
istence of conjugate prior densities which can greatly simplify
the maximization of (2). However, unlike MAP estimation of
HMM parameters [3], no obvious conjugate prior densities could
be found in our case. In our initial formulation [4],p(W) was
chosen as the product of a Normal-Wishart density with a Nor-
mal distribution. While the bias part of the transformation could
then be derived under closed-form, no closed-form solution could
be obtained for the square transformation matrix. In [5], Chou
suggests to selectp(W) from a family of elliptically symmetric
distributions. In [4], we chose a special case of elliptical distribu-
tion, namely a matrix variate normal prior density [6], which can
be seen as a matrix version of a multivariate normal distribution:

p(W) ∝ jΣj�(p+1)=2jΦj�p=2

�exp

�
�

1
2

tr(W�M)0Σ�1(W�M)Φ�1
�

; (7)

whereW;M 2Rp�(p+1), Σ2Rp�p, Σ� 0, Φ2R(p+1)�(p+1) and
Φ � 0. An additional advantage of this prior density is the exis-
tence of maximum likelihood estimates of its hyperparametersM
andΣ whenΦ is known (cf. section 2.4). We want to point out
that p(W) does not even have to be a probability density function
since the MAP estimation is still valid with improper priors. The
only constraints is thatp(W) should be a non-negative function.

2.3. Maximization of the posterior densityp(WjY;Λ)

Let Y = fytg be an adaptation utterance used to deriveW. Be-
cause of the missing data problem in Gaussian mixture HMMs,
the maximization of (2) cannot be carried out directly. However,
the EM algorithm [7] provides an efficient way to address this
problem by defining an auxiliary functionQ(�) having the same
optimal solution asp(WjY;Λ) but whose maximization is usu-
ally simpler. The maximization is performed under an iterative
fashion whereQ(ηjη̄) is maximized w.r.tη given the previous

estimateη̄, until convergence. The auxiliary function is defined
as:

Q(ηcjη̄c) = Eflogp(Y;S;LjΛ;ηc)+ logp(ηc)jY;Λ; η̄cg

=∑
S

∑
L

p(S;LjY;Λ; η̄c) logp(Y;S;LjΛ;ηc)

+ logp(ηc);

(8)

whereS= fstg represents the state sequence,L= fltg is the mix-
ture sequence, and can be rewritten as:

Q(ηcjη̄c) =∑
S

∑
L

p(S;LjY;Λ; η̄c)
T

∑
t=1

�
logast�1;st

+ logωst ;lt + logp(yt jηc;µst ;lt ;Rst ;lt )
�

+ log p(ηc)

=
T

∑
t=1

N

∑
n=1

M

∑
m=1

γt(n;m) logp(yt jηc;µn;m;Rn;m)

+ log p(ηc)+Ψ;

(9)

whereγt(n;m) = P(st = n; lt = mjY;Λ; η̄c) is the probability of
being in staten and mixturem at timet, given the sequenceY,
the modelΛ and the current transformation̄ηc. Ψ represents all
terms independent ofηc, including the transition probabilityai; j
and the mixture weightsωn;m.

After differentiating (9) w.r.t each element ofW and equating
to zero, the following system ofp� (p+ 1) linear equation is
obtained [4], wherewi j is the(i; j)-th component of the matrixW,
ri j , mi j , σi j andφi j are the(i; j)-th components of the matrices
Rn;m, M, Σ andΦ, and where ˜µi is thei-th component ofµn;m

1:

p

∑
k=1

p+1

∑
l=1

wkl

"
N

∑
n=1

M

∑
m=1

 
T

∑
t=1

γt(n;m)

!
rikµ̃l µ̃j

+
1
2

σkiφ jl +
1
2

σikφl j

#
= zi j ;

1� i � p
1� j � p+1

(10)

wherezi j is defined as:

zi j =
p

∑
k=1

p+1

∑
l=1

"
N

∑
n=1

M

∑
m=1

 
T

∑
t=1

γt(n;m)yk(t)

!
rikµ̃j

+
1
2

σkimklφ jl +
1
2

σikmklφl j

#
: (11)

The matrix W can be obtained by solving the system of
p� (p+ 1) linear equations described by (10) and (11). It is
worth noting that this system of equations is very similar to the
standard MLLR solution except for the additional terms related
to the prior density. This system can be further simplified by as-
suming thatRn;m andΣ are diagonal [4], in which caseW can be
obtained by solvingp systems ofp+ 1 linear equations which
gives the same complexity as the standard MLLR formulation.
In the experiments performed in this paper, such a simplification
was not used.

2.4. Estimation of the hyperparameters ofp(W)

One last difficulty related to MAP estimation is the choice or esti-
mation of the hyperparametersfM;Σ;Φg of the prior distribution
p(W;M;Σ;Φ). The estimation is based on an empirical Bayesian
approach where a set of transformation matricesfW1; : : :WKg is

1The subscriptsn andm indicating the state and mixture index have
been discarded for notation simplicity. Also note that the summations
should be performed only over the mean vectors belonging to the cluster
c.



5 adaptation utterances 10 adaptation utterances

25 adaptation utterances 40 adaptation utterances

100 adaptation utterances 300 adaptation utterances

18.1 18.1 17.3 17.2 18.4 18.2 

(2) (3) (5) (5) (10) (12) (15) 

(5) (15) (20) (25) (10) (20) (30) (40) 

(50) (60) (70) (100) (120) (140) 

16.8 
15.3 16.5 

18.4 
16.7 

14.5 14.3 15.2 

17.0 17.0 

12.7 12.7 13.5 12.3 12.2 12.5 

12.2 11.2 11.1 
12.4 12.1 

11.0 10.6 11.1 

8.1 7.8 8.0 8.3 8.0 7.6 5.8 5.3 5.4 5.6 5.9 5.4 

Figure 1: Word error rate (%) for batch supervised experiments
for MLLR (black) and MAPLR (white) for various amount of
adaptation data and transformation matrices (the number of trans-
formations is in parenthesis). Microphone database (baseline sys-
tem, Word Error rate = 18.5%).

first derived, and the hyperparameters are then obtained using
maximum likelihood estimation. One advantage of the matrix
variate prior densityp(W) is that the MLE estimation ofM and
Σ can be easily derived whenΦ is given [6] and in this paper we
assume thatΦ is the identity matrix. In [4], we have proposed
a technique to estimate the set of matricesfW1; : : :WKg directly
from the original speaker independent (SI) model and therefore
no extra training data is needed to derive the prior density. The
basic idea is to use some of the SI model mean vectors as data
and derive eachWk using a MLLR-like approach. In our exper-
iments, the clusters of HMM mean vectors are derived from the
decision tree used to train the context dependent SI models. The
set of matricesfW1; : : :WKg used to estimate the hyperparameters
are also organized in this tree, which means that different clusters
of mean vectors can have different hyperparameters. Details can
be found in [4].

3. EXPERIMENTS AND RESULTS

Experiments are performed on the resource management (RM)
task where new recordings have been collected for 5 non-native
speakers simultaneously through 2 channels: a close talking mi-
crophone and a telephone line. For each speaker, the data consists
of 300 utterances used for adaptation and 75 test utterances. The
recognizer is built on the official RM training set down-sampled
at 8kHz and therefore our experiments reflect compensation of
channel and speaker mismatches. Context-dependent acoustic
models are built using the decision tree state tying algorithm de-
scribed in [8]. The language model is the official RM word-pair
grammar. We use a standard acoustic front-end. The signal is
pre-emphasized using a first order difference and 10th order lin-
ear predictive coding (LPC) coefficients are derived every 10ms
over 30ms Hamming windowed segments. The 10 LPC coeffi-
cients are converted to 12th order cepstral coefficients (LPCC)
and a feature vector of 39 components, consisting of 12 LPCC
plus the energy term and their first and second derivatives is pro-

5 adaptation utterances

100 adaptation utterances 300 adaptation utterances

10 adaptation utterances

25 adaptation utterances 40 adaptation utterances

38.6 38.2 36.3 36.2 
32.3 32.1 

(2) (3) (5) (10) (12) (15) 

(15) (20) (25) (10) (20) (30) 

(50) (60) (70) (100) (120) (140) 

23.3 24.7 
28.4 

21.5 21.6 23.5 

17.9 17.8 
19.4 

16.6 16.7 17.3 
16.6 

14.8 15.1 
16.7 

14.9 14.3 

10.6 10.4 10.8 10.5 10.0 9.9 
7.5 7.2 7.4 7.2 7.3 7.1 

Figure 2: Word error rate (%) for batch supervised experiments
for MLLR (black) and MAPLR (white) for various amount of
adaptation data and transformation matrices (the number of trans-
formations is in parenthesis). Telephone database (baseline sys-
tem, Word Error rate = 34.9%).

duced at each frame. The objective of our experiments is to com-
pare a standard MLLR formulation with our proposed MAPLR
on various speaker adaptation tasks: batch supervised, batch un-
supervised and incremental unsupervised.

3.1. Supervised experiments – Batch mode

In batch adaptation mode, the adaptation data is used to derive
the transformation matrices. The acoustic models are then trans-
formed and used to recognize the test data. The adaptation is
supervised which means that the transcription of the adaptation
utterances is given when estimating the transformation matrices.
For each speaker and for each channel condition, various amount
of adaptation data (from 5 utterances up to 300 utterances) is used
to derive the transformation matrices. Full transformation matri-
ces are used for both MLLR and MAPLR.

For a given amount of adaptation data, we first tune up the
number of transformation matrices to get the best MLLR perfor-
mance. MAPLR experiments are then performed for the same
number of transformation matrices and this number is slightly
modified to study the sensitivity of MLLR and MAPLR to this
factor. Only 3 prior densities are derived from the SI independent
models for the MAPLR adaptation. Results are given in Figure 1
and 2 in terms of word error rate averaged over the 5 speakers
for the microphone and telephone database. For a given number
of adaptation utterances, several configurations are evaluated de-
pending on the number of transformation matrices (indicated in
parenthesis under each plot). Both MLLR and MAPLR provide a
significant improvement over the original SI models which have
a word error rate of 18.5% and 34.9% for the microphone and
telephone database.

For all configurations, MAPLR performs as well or better than
MLLR. This is especially true for small amount of adaptation ut-
terances (10 to 40) and appears more strongly on the telephone
database. As usual in MAP learning [3], as the amount of adapta-
tion data increases MAPLR converges asymptotically to MLLR.
We also observe that MAPLR seems less sensitive than MLLR



# Utter. Cor Sub Del Ins W. Err.

No Adapt. 0 87.2 11.5 1.3 5.7 18.5

MLLR 5 86.7 11.7 1.6 4.8 18.1
MAPLR 5 86.7 11.8 1.6 4.7 18.0
MLLR 10 87.6 10.6 1.8 4.4 16.8
MAPLR 10 88.3 10.0 1.8 4.3 16.1
MLLR 25 89.7 9.0 1.4 4.1 14.5
MAPLR 25 89.9 8.8 1.3 3.9 14.0
MLLR 40 90.5 8.4 1.1 3.8 13.3
MAPLR 40 90.9 8.1 1.0 3.5 12.6
MLLR 100 92.5 6.7 0.8 3.1 10.6
MAPLR 100 92.8 6.4 0.8 3.1 10.2
MLLR 300 94.6 5.0 0.5 2.6 8.0
MAPLR 300 94.7 4.9 0.5 2.6 7.9

Table 1: Batch unsupervised experiments for MLLR and MAPLR
for various amount of adaptation data and transformation matri-
ces. Microphone database.

to the number of transformations, as shown for 10 adaptation ut-
terances for the microphone and telephone database. Consider-
ing that the priors are derived from the SI models only and are
therefore quite poor since they do not reflect very accurately non-
native speaker variations nor telephone channel variation, we be-
lieve that these results illustrate the efficiency of the regulariza-
tion provided by MAPLR over MLLR.

3.2. Unsupervised experiments – Batch mode

In batch unsupervised adaptation experiments, the transcription
of the adaptation data is not known. It is therefore necessary to
recognize the adaptation data using the original SI models and
then use the obtained transcription to carry out the adaptation
as in supervised experiments. These experiments are performed
only on the microphone database and for the number of trans-
formations that gave the best results in supervised experiments.
Results are given in Table 1 in terms of word correct, substitu-
tion, deletion, insertion and word error rates. While there is a sig-
nificant loss in accuracy compared to the supervised adaptation
scenario, MAPLR still outperforms MLLR in all configurations.

3.3. Unsupervised experiments – Incremental mode

Unsupervised incremental adaptation, sometimes called compen-
sation, means that the test data is used as adaptation data. As
more and more test utterances are processed and recognized, the
model adaptation is periodically carried out, everyn utterances.
As an example, ifn= 5, utterances 1 to 5 are recognized using
the original SI models. Once the fifth utterance has been rec-
ognized, transformation matrices are derived and the models are
adapted. Utterances 6 to 10 are then recognized using the adapted
models, and so on. MLLR as well as MAPLR adaptation can be
performed in such an incremental way since, as indicated by (10)
and (11), the time dependent quantitiesγt(n;m)yk(t) andγt(n;m)
needed to derive the transformation matrices can be accumulated
utterance after utterance. Moreover, rather than setting the num-
ber of transformations to a fixed value, the number of transfor-
mations is dynamically derived according to the amount of data
already recognized. As more and more test data is processed, the
corresponding number of transformation matrices keeps increas-
ing. In our experiments, the initial number of transformation ma-
trices is set to 3, and the transformations are re-estimated every 5
utterances. Experimental results are given in Table 2. While only
slight improvements have been obtained for batch adaptation, a
significant reduction of the word error rate is now obtained when
using MAPLR.

Adapt. method Cor Sub Del Ins W. Err.

No Adapt. 87.2 11.5 1.3 5.7 18.5

MLLR 89.8 9.2 1.0 4.9 15.0
MAPLR 91.8 7.3 0.9 3.8 12.0

Table 2: Incremental unsupervised experiments for MLLR and
MAPLR for various amount of adaptation data. Microphone
database.Transformation matrices are updated every 5 utterances.

4. CONCLUSION

A Bayesian counterpart of the standard MLLR adaptation algo-
rithm has been formulated based on MAP estimation. If the prior
density is chosen appropriately, the MAPLR estimation can be
carried out by solving a system ofp� (p+ 1) linear equations
(while MLLR solves independentlyp systems ofp+ 1 equa-
tions). Under additional simplifying assumptions, the complex-
ity of the MAPLR formulation can be reduced to be the same as
MLLR but no experiments have been performed yet to evaluate
the validity of that simplification. The prior densities are derived
directly from the SI models and no additional data is needed. Ex-
perimental results performed on non-native speaker and channel
adaptation tasks have shown that MAPLR slightly outperforms
MLLR on supervised and unsupervised batch adaptation, while
the improvement is larger on incremental adaptation. These re-
sults are particularly encouraging considering that the derivation
of the prior density was not tuned in any of our experiments and
that the prior density was somehow quite poor since the telephone
channel variability was not represented in the SI models. Future
works involve experiments on large vocabulary speech recogni-
tion and joint MAP estimation of HMM parameters and transfor-
mation parameters.
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