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Abstract

This paper reviews some popular speaker adaptation
schemes that can be applied to continuous density hid-
den Markov models. These fall into three families based
on MAP adaptation; linear transforms of model param-
eters such as maximum likelihood linear regression; and
speaker clustering/speaker space methods such as eigen-
voices. The strengths and weaknesses of each adapta-
tion family are discussed along with extensions that have
been proposed to improve the basic schemes which result
in a number of hybrid approaches. A number of general
extensions are discussed which include methods for im-
proved unsupervised adaptation and discriminative adap-
tation. There is also a brief discussion of speaker normal-
isation and the relationship to model-based adaptation.
The paper includes a brief discussion of other factors that
directly interact with speaker adaptation of HMMs is in-
cluded, such as adaptation to the acoustic environment
and speaker-specific pronunciation dictionaries.

1. Introduction

Speaker adaptation has been an area of speech recogni-
tion technology that has attracted much attention over
the last decade. While speaker independent (SI) speech
recognition systems can show impressive performance,
speaker trained or speaker dependent (SD) systems can
provide an average word error rate (WER) a factor of two
to three lower than an SI system if both systems use the
same amount of training data. Hence the major ratio-
nale for investigating speaker adaptive (SA) systems is
that they promise to produce a final system that has desir-
able SD-like properties but requires only a small fraction
of the speaker-specific training data needed to build a full
SD system.

SA systems can be aimed at improving the general
performance level for all speakers, perhaps incrementally
as more speech is available from a particular speaker.
Adaptation can significantly improve the WER for out-
lier speakers such as non-natives or others not well repre-
sented in the SI training set. Furthermore SA techniques
can be used to reduce the size (number of parameters) of
the acoustic models required in a speech recognition sys-
tem and the associated computational load compared to a
non-adaptive SI system. This latter point can be very im-

portant for implementing a real system which will always
have associated computational resource constraints.

Speaker adaptation systems operate in a number of
modes. If the (word-level) transcription of the speaker-
specific adaptation data is known then the adaptation is
supervised, otherwise it isunsupervised: if the transcrip-
tion is needed it must be estimated. While such an es-
timate may just be the errorful recognition output, some
researchers have used confidence measures to ensure the
adaptation process uses the most reliable material. Also
adaptation modes are described asstatic (or block) in
which all adaptation data is presented to the system be-
fore the final system is produced, or alternativelydynamic
(or incremental) in which only part of the total adaptation
data is available before use of the adapted system starts
and the system continues to adapt over time.

The most appropriate mode of adaptation will depend
on the application. For instance, enrollment of a new
speaker in a speaker dependent dictation system will typ-
ically be a static supervised process, although this may
then be followed by further supervised or unsupervised
adaptation using the previously dictated text. Systems
that are required to transcribe data in a non real-time man-
ner often make use of multiple recognition passes and
use unsupervised adaptation on the test data to improve
the models for a subsequent recognition pass—this non-
causal unsupervised style of adaptation is often termed
transcriptionmode.

Speaker adaptation schemes should ideally be effec-
tive for small amounts of speaker-specific adaptation data
and converge to a true speaker dependent estimate when
a large amount of data is available. In many situations, if
a large well-trained SI model is used, the baseline SI per-
formance can be quite good and hence error-rate gains
from speaker adaptation may be smaller than for rather
simpler models. This is an important point to consider
when evaluating speaker adaptation schemes where often
the absolute performance (rather than relative gains) is
the most important criteria!

The rest of this paper presents an overview of some
of the most popular speaker adaptation schemes that are
primarily applied to continuous density hidden Markov
model (HMM) based speech recognition systems. Most
of these aremodel-basedand modify the parameters of
the HMMs, however the effect of speaker normalisations
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schemes will also be mentioned. The model based adap-
tation schemes will be divided into three families: the
maximum a posteriori (MAP) adaptation family; parame-
ter transformation based adaptation using maximum like-
lihood linear regression (MLLR) and similar schemes;
and a family related to speaker clustering methods or
speaker-space methods. The strengths and weaknesses
of these methods is considered and a number of hybrid
schemes have appeared which combine the above meth-
ods in various ways. Extensions to the basic approaches
are presented along with methods of improving unsuper-
vised adaptation and discriminative adaptation methods.
The relationship between model adaptation techniques
for speaker-adaptation and environment adaptation are
also discussed.

2. MAP family

Most HMM-based speech recognition systems are trained
using maximum likelihood (ML) estimation: the param-
eter values,λ, are chosen so that the likelihood of the
training data,p(x|λ), is maximised. In maximum a pos-
teriori parameter estimation (MAP) the parameters are set
at the mode of the distributionp(x|λ)p0(λ) (the posterior
distribution) wherep0(λ) is the prior distribution of the
parameters. The use of the prior distribution in MAP es-
timation means that less data is needed to get robust pa-
rameter estimates and hence it is a useful and widely used
technique in speaker adaptation.

2.1. Standard MAP Approach

MAP estimation requires the definition of a prior distribu-
tion. It is convenient if the prior density is from the same
family as the posterior distribution (the conjugate prior) if
it exists. For mixture Gaussian HMMs such a conjugate
prior of finite dimension does not exist and an alternative
approach presented in [20] is usually used. For a particu-
lar Gaussian mean, with prior meanµ0 the estimate is

µ̂ =
τµ0 +

∑T
t=1 γ(t)ot

τ +
∑T

t=1 γ(t)

whereτ is a meta-parameterwhich gives the bias be-
tween the ML estimate of the mean from the data, and the
prior mean,ot is the adaptation vector at timet from aT
length set andγ(t) is the probability of this Gaussian at
time t. Similar formulae [20] can be used to also update
the mean and mixture weights in the system. Typically,
values ofτ between two and twenty are used.

One key advantage of the MAP approach is that as
the amount of training data increases towards infinity the
MAP estimate converges to the ML estimate. Its main
drawback is that it is alocal approach to updating the
parameters i.e. only parameters that are observed in the
adaptation data will be altered from the prior value. For
large vocabulary applications, it not uncommon to use

HMM systems with105 Gaussians or more and in such
circumstances the number of unobserved Gaussians (and
unadapted by standard MAP) will be very large for small
to moderate amounts of adaptation data and so adapta-
tion with standard MAP can be very slow. This is a key
problem which has led to other styles of adaptation to be
investigated for large systems (and for very rapid adapta-
tion for small systems also). It has also led to a number of
extensions to MAP which aim to update unobserved pa-
rameters of the systems based on the observed data and
hence increase the speed of adaptation.

2.2. Regression Based Model Prediction

The regression based model prediction (RMP) approach
[1] (which is an extension of the approaches presented in
[9] and [12]) aims to find correlations between the param-
eters of an HMM system and use these linear regression
relationships to update poorly adapted or unobserved pa-
rameters based on well-adapted parameters.

First of all, a set of speaker dependent model sets are
computed and for each Gaussian mean element in the sys-
tem other mean values are found that are well correlated
with its speaker-dependent changes. This search for cor-
related parameters is itself computationally demanding
for a large system and requires constraints on the param-
eters searched for correlation. In use, RMP first updates
the models using standard MAP, and then uses parame-
ters that have received a reasonable amount of adaptation
(source parameters) to generate parameter estimates for
each unadapted or poorly adapted target value. The final
mean value is a linear combination of the initial MAP es-
timate and the predicted value (weighted in accordance
with the estimated inverse variances).

In practice, RMP converges to the same error rate as
MAP, but out-performs MAP for small amounts of adap-
tation data. For instance for just one three second adap-
tation sentence on the 1000 word Resource Management
task using a 6 Gaussian per state, state clustered triphone
system a 8% reduction in WER, while MAP gives no im-
provement since only about 5% of the parameters in the
system receive any adaptation data [1].

2.3. Structural MAP

A rather different type of augmented MAP approach to
tackle the same speed of adaptation problem is termed
structural MAP (SMAP) [35]. The Gaussians in the sys-
tem are all organised into a tree structure and then a mean
offset and a diagonal variance scaling term are recursively
computed for each layer of the tree starting at the root
node (containing all the Gaussians) and then descending
the tree. At each level in the tree, the distribution from
the node above is used as a prior. It is shown in [35] that
the use of this approach increases the speed of adaptation
over standard MAP while converging to the MAP solu-
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tion as the amount of adaptation data is increased.

3. Linear Transformation Family

An alternative approach to the speaker adaptation prob-
lem is to estimate a linear transformation of the model pa-
rameters (or sometimes the observation vectors) to con-
struct a more appropriate model. The advantage of this
approach is that the same transformation can be used for
a large number of (or even all) Gaussians in an HMM
system and this sharing of transformation parameters pro-
vides a route towards (fairly) rapid adaptation. Further-
more if relatively few parameters are to be estimated then
the process will be robust and unsupervised adaptation
can be used.

There are a number of schemes that use linear trans-
formations. First the popular maximum likelihood linear
regression (MLLR) scheme will be described which is an
unconstrained transformation, followed by constrained
transformations, efficient full variance transforms and
speaker adaptive training based on MLLR.

3.1. Maximum Likelihood Linear Regression

In basic MLLR [28] the Gaussian mean parameters are
updated according to

µ̂ = Aµ + b

whereA is ann × n matrix andb is ann dimensional
vector (andn is dimensionality of the observations). This
equation is sometimes written as

µ̂ = Wξ

whereW is ann× (n + 1) matrix andξ is the extended
mean vector

ξT =
[

1 µ1 . . . µn
]

In MLLR, the transformation matrixW is estimated such
that the likelihood of the adaptation data is maximised. It
can be shown [28] that there is a closed form solution
to theW matrix estimation problem using, as usual, the
Expectation-Maximisation (E-M) algorithm [10]. Fur-
thermore, in many circumstances (where the initial mod-
els can provide good Gaussian-frame alignments) only a
single iteration of E-M is required to estimate the ma-
trix. Usually there are many Gaussians per matrix i.e. the
transformation matrix is tied over a number of Gaussians.
This transform sharing can allow all the Gaussians in a
system to be updated with only a relatively small amount
of adaptation data.

However, there is a tradeoff between robust adapta-
tion via a global transform and using precise transforms
that apply to a smaller number of e.g. phone-specific
Gaussians. One solution that allows a good compro-
mise to be drawn is to use aRegression Class Tree[27].

The idea is to arrange so that Gaussians that are close in
acoustic space are clustered together and always undergo
the same transformation (these groups are known as base
classes). If the clustered components are then arranged
into a tree structure (with all at the root node), then, de-
pending on the amount of adaptation data available the
tree may be descended to an appropriate depth and a set
of transformations generated where each transformation
will be for a set of base classes.

The MLLR mean transformation was presented for
the case when theA matrix is full. However for fea-
ture vectors consisting of static parameters, 1st and 2nd
differentials, approximately the same performance per
transform can be obtained using block-diagonal matrices
[29]. For still smaller amounts of adaptation data diag-
onal matrices can be used, although for the same num-
ber of transforms these are far less effective than full or
block-diagonal matrices. However this is done precisely,
it should be noted that thresholds need to be set to en-
sure robust transform estimation. A typical threshold for
the estimation of a full-matrix for 39 dimensional obser-
vations would be 1000-1500 frames. Smaller threshold
values can be used in cases where the transformation is
block-structured or even diagonal. and these techniques
allow the sensible use of MLLR adaptation (with simpler,
less powerful transform structures) even for rather small
amounts of adaptation data.

MLLR transforms can also be estimated in incre-
mental adaptation mode [27]. This simply requires that
the sufficient statistics needed to compute the transforms
continue to be updated and then the mean transform can
be recalculated at any time. In the case that the adapta-
tion process has not altered the Gaussian-frame occupa-
tion probabilities then the same transformed system will
result as using static adaptation.

While the most important speaker specific effect con-
cerns the Gaussian means, the Gaussian variances can
also be updated [13, 15]. The variance transformsH
are found after the mean transforms have been estimated.
Originally the form

Σ̂ = LHLT

was used whereL is the Choleski factor of the original
covariance matrixΣ. For the case of a diagonal variance
transform (with a simple bias for the mean) this is the
same as the variance transform suggested in [29].

A variance transform of the form

Σ̂ = HΣHT

is proposed in [15] which has the advantage that it can be
applied efficiently by transforming the mean parameters
and the observations even for full variance transforma-
tions. However the transformation elements need to be
estimated using an iterative procedure given the sufficient
statistics.
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Typically mean-only MLLR gives a 15% reduction
in WER on large vocabulary clean speech tasks over the
most accurate speaker independent models available us-
ing about a minute of adaptation data, and speaker de-
pendent performance can often be achieved with perhaps
thirty minutes of speech and many adaptation transforms
[28]. If the technique is used to adapt a system with se-
vere speaker mismatch, large reductions in WER can re-
sult. In this latter case there is some benefit from running
multiple E-M iterations to update the adaptation matrices
to refine the Gaussian-frame alignments [27].

3.2. Constrained MLLR

The MLLR formulation described above estimates inde-
pendent transforms for the means and the variances. The
constrained transform case, which was introduced in [11]
for the diagonal transform case and extended in [15] to
full transforms is of the form

µ̂ = Acµ− bc

Σ̂ = Ac
T ΣAc

This can be convenient since this is equivalent to trans-
forming the observation vectors such that the vector at
time t becomes

ôt = Ac
−1ot + Ac

−1bc

noting that a factor of|Ac| is also needed when calcu-
lating the Gaussian likelihood. The maximum likelihood
solution for this form requires iterative optimisation given
the sufficient statistics, but gives similar performance to
using standard unconstrained MLLR with the same form
of transformation matrix.

3.3. Speaker Adaptive Training

For the transformation based schemes presented above it
has been assumed that the original “seed” models to be
transformed are speaker independent. However, some-
what improved performance can be obtained by con-
structing models specifically aimed at speaker adapta-
tion. This leads to the speaker adaptive training (SAT)
approach [2] which estimates the parameters of the seed
models by training MLLR mean transforms for each of
the training set speakers and then estimating the mean,
variance and mixture weights of the models with these
speaker specific transforms in place. The estimation of
the adaptation transforms and the seed (or canonical)
model parameters would normally be done in an inter-
leaved fashion. SAT tends to result in models with sig-
nificantly higher training set likelihoods and smaller es-
timated variances and can result in noticeably improved
recognition results with adaptation [2, 33]. However the
statistics required for this form of SAT require a consid-
erable amount of storage and increased computation.

An alternative, and easier to implement variant of
SAT is to use a constrained MLLR transform (rather
than standard unconstrained MLLR) and transform the
incoming data, rather than the model means. In this
case, the canonical model estimation formula is almost
unchanged [15]. An additional advantage of using con-
strained MLLR SAT training is that it allows SAT to be
applied when also using a discriminative training method
to estimate the canonical model parameters.

3.4. Improving MLLR Robustness

As mentioned above, it is necessary to have sufficient
data points to robustly estimate MLLR or similar trans-
forms. If appropriate thresholds/forms of transforms
are not used then poor performance (even poorer than
speaker independent performance) can be the result due
to over-training on the adaptation data. Of course, in
practice, limits on the form of the transforms combined
with a range of thresholds are used to ensure that per-
formance is never poorer than SI. However it would be
preferable to instead use schemes which don’t, for in-
stance, require switching from diagonal transforms to
block-diagonal as more data becomes available.

Various solutions to this problem have been suggested
and all increase the applicability for MLLR for rapid
adaptation. The solutions include a somewhat ad-hoc
MAP-like interpolation between the original mean and
the MLLR estimated mean [21]. In both [7] and [8], it
is suggested that a prior distribution for the mean trans-
formation matrix parameters be used (dubbing the tech-
nique MAPLR) and this improves performance when
very small amounts of data are available. The prior dis-
tribution can be estimated by generating transforms from
the set of training speakers. The MAPLR method can
be further extended by using an SMAP prior distribution
which leads to SMAPLR [36].

The above approaches all use a MAP-style estimation
approach for MLLR parameters. Alternatively a variant
of the E-M algorithm that optimises a discounted like-
lihood criterion and doesn’t quickly over train was sug-
gested in [22]. This DLLR technique also improves ro-
bustness for small amounts of adaptation data when many
transforms are to be trained.

4. Speaker Clustering/Speaker Space Family

The previous approaches have not explicitly used infor-
mation about the characteristics of an HMM set for par-
ticular speakers (although some of this information is
used in techniques like RMP at a parameter level).

The simplest instance of such an approach is the use
of gender dependent models which are widely used in
speaker independent systems. Traditional speaker clus-
tering (e.g. [34]) goes a step further and estimates HMMs
for a number of speaker groups. However the problem

                       Page 14 Sophia-Antipolis 29-30 August 2001                            



with this type of approach is that by taking hard deci-
sions about speaker type, the training data is fragmented
and it is possible to make a poor choice of speaker group
when in use.

Recently there has been interest in the cluster adap-
tive training (CAT) [16] and eigenvoice techniques [25]
which can be viewed as generalisations of this idea.
These both form a weighted sum of “speaker cluster”
HMMs, and use this interpolated model to represent the
current speaker. The parameters of the sets of cluster
models that are estimated can be viewed as representing
the axes of a “speaker space” and then the mean vectors1

for a particular speaker are found by estimating the ap-
propriate point for the speaker in this speaker space. One
of the major differences between the CAT and eigenvoice
approaches is how the cluster models are estimated.

4.1. Cluster Adaptive Training

The aim of CAT [16] is to represent a speaker as a
weighted sum of individual speaker cluster models. It
is assumed that all the different speaker cluster models
have a common variance and mixture weights and only
the Gaussian mean values vary. Thus the means for a
particular Gaussian for a particular speaker is found as

µ̂ =
∑

c

λcµc

where the parameters of the model are the speaker-
specificλc which define the cluster weights (or the points
in “speaker-space”) andµc is the the corresponding mean
of corresponding Gaussian in clusterc i.e. the canonical
model for clusterc. Note that cluster models each have
the same number of parameters as the target model (and
often as a speaker independent model). However the ap-
proach gains its data efficiency from the fact that only
very few parameters (theλc) need to be estimated for
each speaker. For a particular set of canonical speaker
cluster models, and some adaptation data, maximum like-
lihood weight estimation formulae for the cluster weights
can be derived. Furthermore given sets of weights for
individual speakers the canonical speaker cluster model
means can also be updated. Therefore the CAT canon-
ical model estimation scheme consists of interleaving
weight estimation and speaker cluster updates for the
training data. Given a transcription of the adaptation
data, the same weight estimation approach is used for
test-speakers.

The above scheme describes “model-based” CAT in
which the cluster models are estimated directly. An al-
ternative form, also discussed in [16] is to use MLLR
transforms from a “canonical model” to represent each
of the individual speaker clusters, and an advantage is

1The variance and mixture weight parameters are not normally re-
estimated in these approaches

that the total number of parameters set in is reduced rela-
tive to model-based CAT with the same number of clus-
ters. Transform-based CAT estimation therefore com-
bines SAT training of MLLR transforms with the CAT
estimation process.

Experiments in [16] on a large vocabulary dictation
task show that CAT modelling can reduce the WER by
7% using a single adaptation sentence and two speaker
clusters. In this case one of the clusters was the SI model
which is referred to as a “bias” cluster of fixed weight.
The reduction in WER increases slightly if more adap-
tation sentences and speaker clusters are used. When
8 clusters were used with the most complex HMMs,
transform-based and model-based CAT gave similar per-
formance.

When there are different types of speaker (e.g. ac-
cent groups; male/female; or speakers present in differ-
ent noise conditions) the model-based CAT cluster mod-
els (or the transforms in transform-based CAT) can be
initialised using models trained from reduced data sets.
One alternative when more clusters are required is to use
speaker clustering. Another possibility suggested in [16]
is to use an initialisation based on eigenvoices (see dis-
cussion in Section 4.2).

4.2. Eigenvoices

The eigenvoice technique [25] also performs speaker
adaptation by forming models as a weighted sum of
canonical speaker HMMs and adapts just the mean vec-
tors. However, the eigenvoice method finds these canon-
ical speakers (eigenvoices) using principal component
analysis (PCA) of sets of “supervectors” constructed
from all the mean values in a set of speaker dependent
HMM systems. The eigenvoices with the largest eigen-
values are chosen as a basis set. During adaptation the
maximum likelihood eigen-decomposition algorithm is
proposed in [25] to estimate the weighted combination
of eigenvoices. Of course this algorithm is identical to
the CAT weight estimation algorithm for adaptation. Fur-
thermore, the same weight estimation formulae can be
derived on the basis of using a weighted projection tech-
nique [41].

In [25], the eigenvoice technique was evaluated for
a small vocabulary task using simple HMM models and
produces impressive performance with small amounts of
data. Unfortunately for large HMM systems (with per-
haps 100,000 Gaussians) the construction of separate
HMM systems for all speakers and subsequent PCA anal-
ysis is particularly difficult. There are two main issues
here: firstly if mixture distributions are used then these
must be “aligned” between the various sets of models and
secondly the number of parameters to estimate in the full
speaker dependent models. This can result in both es-
timation issues and storage problems. Several solutions
have been proposed for these problems.
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To overcome the problem of estimating many SD
models, a direct maximum likelihood solution to finding
the canonical speakers is proposed in [30]. Not surpris-
ingly this is very similar to the CAT estimation procedure
for the cluster models. In [4], MAP and MLLR is used
to create the speaker dependent models of complete SD
model sets for each speaker before PCA. An alternative
which was used in the CAT eigenvoice initialisation, [16],
is to build a small HMM set for each speaker and perform
PCA analysis on the SD means. Then the weight vec-
tor from PCA for the retained eigenvoices each training
speaker along with thea posterioriprobability of Gaus-
sian occupation for each frame of data from an SI system
allows direct estimation of the complex HMMs for each
speaker cluster. This is an elegant solution avoiding the
problems of estimating many large SD HMM sets.

While CAT and other speaker-clustering/speaker
space schemes can give good performance for small
amount of adaptation data, one issue is that performance
does not continue to improve as more data is made avail-
able. One solution to this problem is to use a prior dis-
tribution for MAP based on eigenvoices [5]. This allows
both rapid adaptation and long-term convergence to the
MAP solution.

5. Further Extensions

This section briefly describes a number of extensions of
the basic techniques described above. Also included here
are methods to improved unsupervised adaptation and
discriminative adaptation.

5.1. Extensions for Transform-Based Adaptation

Over the last few years, several papers have investigated
what might be generically called “multiple-cluster” adap-
tation schemes. This has the motivation that the trans-
form for a particular set Gaussian might be estimated
using a linear combination of transforms estimated for
broader sets Gaussians. The general idea is to increase
the number of effective transforms in the system while
only increasing the number of parameters to be estimated
by a small amount (i.e. the extra transform interpola-
tion weights). [14]. An related approach, maximum
likelihood stochastic transforms [6], interpolates Gaus-
sian likelihoods from sets of transforms. There are many
other forms of multiple cluster schemes that can use ei-
ther linear transform adaptation or CAT-style models. An
overview of some of the possibilities for multiple cluster
adaptation are given in [17].

Another extension of the linear transform approach
that has achieved some attention is the use of non-linear
transformations of the model parameters. However work
reported to date has only shown rather minor improve-
ments over linear transform methods.

5.2. Improving Unsupervised Adaptation

Normally when speaker adaptation schemes are used in
an unsupervised adaptation mode, the adaptation super-
vision word sequence is computed using the output of
a speech recogniser. The adaptation data is either pre-
viously acquired data for the speaker or in the case of
transcription mode adaptation in a multi-pass system, the
block of data currently being processed. Many adaptation
schemes simply apply the adaptation supervision as if it
were correct although, in general, it will contain recog-
nition errors. In this case the issue of robust of adapta-
tion parameter estimation is crucial and techniques such
as MLLR and speaker-space methods are preferred.

One approach to improve unsupervised adaptation
performance is to use word correctness confidence scores
and only use data for adaptation which has a high enough
probability of correctness. This type of scheme has been
studied in [3, 38, 40, 44]. While in some circumstances
improvements in adaptation performance can be shown,
the technique reduces the amount of data available for
adaptation.

An alternative to direct use of confidence scores is
to perform adaptation using a set of alternative hypothe-
ses. One implementation of this idea was developed for
MLLR adaptation in [31] with a closely-related tech-
nique described in [38]. These collect the posterior prob-
abilities of Gaussian occupation for MLLR from a for-
ward pass through the lattice of recognition alternatives.
This technique automatically weights different alterna-
tives and hence doesn’t discard complete frames of data.
It is shown in [38] that this can lead to the beneficial es-
timation of a larger number of MLLR transforms. While
this lattice-based approach has so-far been applied to
MLLR adaptation, it could also be applied for many of
the other adaptation techniques discussed in this paper.

5.3. Discriminative Adaptation

The techniques described in this paper estimate parame-
ters to increase either the likelihood of the adaptation data
(MLLR, CAT) or to find the MAP estimate of the param-
eter values. Neither of these approaches is directly aimed
at reducing the word error rate of the adaptation data. Re-
cently there has been renewed interest in discriminative
training of the SI parameters of large vocabulary speech
recognition systems [43]. There is also a recent trend to-
wards performing discriminative adaptation.

In [19] a discriminative version of MAP was used
while in [40] the frame discrimination criterion was used
to estimate linear transform parameters. In [39] discrim-
inative linear transforms were estimated using an objec-
tive function that is an interpolation of maximum likeli-
hood and maximum mutual information (MMI) for linear
transform estimation. It was shown that this can provide
significant reductions in WER for supervised adaptation
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of a system trained on native speakers of English to non-
natives. A method equivalent to using the MMI objective
function for transform parameters was presented in [23]
for unsupervised adaptation.

6. Speaker Normalisation

All of the above techniques have modified the models in
some way (although a single transform for constrained
MLLR can be implemented just by modifying the obser-
vation features). Furthermore all of the above techniques
require a word level transcription (either known or esti-
mated by a recogniser to operate). This in itself imposes
certain constraints on the adaptation system.

Speaker normalisation techniques solely alter the ob-
servation features to the system. The simplest of these is
the widely used cepstral mean normalisation which sub-
tracts the long term cepstral mean from individual speak-
ers and has some (small) speaker normalisation effect.
An alternative speaker normalisation technique that has
become increasingly popular is vocal tract length normal-
isation (VTLN). VTLN re-scales to the frequency axis
with the aim of accounting for the difference in vocal
tract length between speakers. A grid search over pos-
sible frequency warpings is often used to select the factor
which maximises the likelihood of the data [26]. For the
purpose of finding the warp factor a Gaussian mixture
model is often used which doesn’t require a word-level
transcription. On clean speech tasks a reduction in WER
due to VTLN of 10% is typical.

It has been reported by several authors (e.g. [33]) that
the beneficial effects from VTLN and MLLR are largely
additive. This apparently surprising result was further in-
vestigated in [37] in which the VTLN process is approx-
imated using linear cepstral transforms. It was shown
there that while this additive property holds for uncon-
strained MLLR, if constrained MLLR is used, there is no
additional gain from using both VTLN and MLLR.

7. Relationship to Environmental Adaptation

The adaptation techniques described above all modify the
acoustic models to better match some adaptation data.
Certainly, for the general MAP and MLLR type tech-
niques there is no in-built speaker model and the tech-
niques can also be used effectively for cases of acoustic
environment mismatch (channel or noise) as well as the
frequent case of combined speaker and channel adapta-
tion.

In cases of severe channel mismatch when operat-
ing in unsupervised adaptation mode it has been found
to be beneficial to employ multiple iterations of decod-
ing and adaptation [42]. Furthermore in systems which
use multiple passes and generate word-lattices, smaller
and more accurate lattices can be obtained if adaptation
is performed before lattice generation [42].

One interesting issue is distinguishing between
speaker mismatch and environment mismatch. This
would be useful to provide a speaker adapted system that
was independent of the acoustic environment. In theory,
VTLN is able to just compensate for speaker mismatch,
although most of the warp factor estimation algorithms
are affected by channel effects also. In [30] it is suggested
that the eigenvoice method can be used to model speaker
changes and then use MLLR adaptation to account for
environment mismatch.

Another approach to combined speaker/environment
adaptation is discussed in [18] in which different noise
environments are modelled by CAT/eigenvoices and
speaker adaptation is performed by MLLR. The work re-
ported in [18] tries to factor out these different sources
of variability in an adaptive training framework. Meth-
ods of then combining speaker and acoustic environment
models to form an HMM set for a particular speaker in
a particular acoustic environment are discussed. This ap-
proach may lead to rapid combined speaker and environ-
ment adaptation and allow speaker transform parameters
to be retained across noise conditions.

8. Summary and Outlook

An overview of some of the most widely used techniques
in speaker adaptation have been described. These can be
split into several families and the major properties of each
type have been given.

The main advantage of the MAP method is its sound
theoretical basis and convergence to speaker dependent
performance with increasing data, however the major
drawback is the speed of adaptation for large HMM sys-
tems. This latter point can be improved somewhat by us-
ing techniques such as RMP and SMAP.

The transformation based approaches work well after
a few sentences of adaptation data have been made avail-
able and can work reliably in all adaptation modes. The
approach does not need any prior information about the
distribution of speaker (or environment) types to be ef-
fective. One disadvantage of this type of technique is that
since there is no model of speaker variation any acoustic
mismatch will be modelled. A variety of approaches have
been suggested to prevent over-training.

The speaker clustering family looks for either a
choice of, or an interpolation between, canonical speaker
models. The CAT/eignvoice approaches can be viewed as
finding appropriate points in a speaker space. This type of
approach can be effective for a small amount of adapta-
tion data but the gains available with added data are more
limited and in such cases a technique such as MLLR or
MAP may be preferable.

All of the techniques described above have some par-
ticular strong points and in some cases work has been
done to explicitly combine them, for instance using ini-
tial MLLR adaptation as a prior for later MAP adaptation
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as more data is available. It has been a recent trend to
try and combine the strengths from different methods and
this can yield methods that scale well over a wide range
of adaptation data.

Speaker normalisation techniques are in some ways
complementary to model-based adaptation and indeed
near additive gains have been reported from using uncon-
strained MLLR in combination with VTLN.

The model based adaptation techniques can also be
applied to environment adaptation, but only a small
amount of work has been done to explicitly separate en-
vironmental adaptation effects from speaker effects. This
remains a very interesting area for future work.

While all of the above techniques directly effect the
HMM parameters, in situations where there is severe
pronunciation mismatch, adaptation of the pronunciation
dictionary may also be beneficial. For instance, [24] that
hen using a system mismatched for accent, reductions in
WER due to pronunciation dictionary adaptation alone of
19% were shown and when combined with MLLR a to-
tal reduction of 40% in WER was obtained. Therefore
it is interesting that as for environmental adaptation, pro-
nunciation adaptation can be usefully combined with and
acoustic model adaptation.

In future, it will be necessary to improve speaker
adaptation systems by incorporating more extensive
knowledge of speaker variation at both the acoustic and
the pronunciation level. After all, while the progress in
speaker adaptation over the last decade has been impres-
sive, we still have a long way to go to match the seamless
integration of extremely rapid, unsupervised incremental
adaptation in the human perception system.
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