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ABSTRACT

This paper describes, how to perform speaker adaptation for a
hybrid large vocabulary speech recognition system. The hybrid
system is based on a Maximum Mutual Information Neural Net-
work (MMINN), which is used as a Vector Quantizer (VQ) for
a discrete HMM speech recognizer.
The combination of MMINNs and HMMs has shown good per-
formance on several large vocabulary speech recognition tasks
like RM and WSJ.
This paper now presents two approaches to perform speaker
adaptation with this hybrid system. The first approach is a trans-
formation of the feature space, which is performed by a neural
network with maximum likelihood (ML) as objective function
for the complete system, which means, that the parameters of
the NN are estimated in order to match the HMM-parameters
of the pre-trained speaker independent system.
The second approach is to adapt the HMM parameters depend-
ing on the amount of training data available per HMM, us-
ing a regularization approach. Both approaches can be applied
jointly, which further improves the recognition accuracy.

1. INTRODUCTION

Speaker adaptation for HMM based speech recognition systems
can be performed in two ways: The first, which is not specific
for HMMs, is a transformation of the feature space in that man-
ner, that the features of the new speaker will fit some existing
models. The second approach is to adapt the parameters of the
HMMs itself.
Both approaches will be presented here for a hybrid MMI-
NN/HMM large vocabulary speech recognition system. The ad-
vantage of the feature space transformation is the small number
of parameters which have to be estimated (aprox. 2800 for the
system presented) compared to the 7.2 million HMM parame-
ters used in our baseline system.
For the baseline system the feature vector is split up into four
streams. These are cepstrum, first and second order derivatives
and power with first and second order derivatives. The temporal
extension of every stream may be several frames. Each stream
is quantized by a separate neural network. Fig. 1 shows the
structure for one of those networks. The networks are trained to
maximize the mutual information between the label stream of
the output and the corresponding phonetic information.

I(W;Y ) = H(W )�H(W jY ) (1)
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Figure 1: Baseline topology for the MMI neural network, with
an input layer size ofI and an output layer size ofJ

WhereW denotes the phonetic information andY represents
the stream of active neurons. In Eq. 1H(W ) is not affected
by the neural network, thus onlyH(W jY ) has to be minimized
in order to maximizeI(W;Y ). This means, that the loss of
information, which will occur because of the quantization error,
will be minimized.

H(W jY ) = �

X
M

X
J

P (wm; yj) � log P (wmjyj) (2)

[1] describes a method how to perform this training with a gra-
dient descent approach using the softmax function. For the
training procedure phonetic transcriptions are necessary, thus
the training data has been phonetically aligned. The discrete
labels of the MMI-VQ are then used to train a gender indepen-
dent, discrete, multi stream HMM system with state clustered
cross word triphones. A more detailed description of the base-
line system can be found in [2].

2. FEATURE SPACE ADAPTATION

The first adaptation approach presented in this paper is to adapt
the feature vectors, in order to match the HMM distributions
of a pretrained recognition system. The transformation is per-
formed by a neural network, which can be combined with the
baseline neural VQ. The result of this combination is given in
Fig. 2 for the case, that a single layer adaptation network is
used. Fig. 3 shows the topology for an MLP as adaptation net-
work. The training criterion is to maximize the likelihood of the
whole system on the adaptation data. Because of the relatively
small number of parameters in the adaptation layer (less than
1000 per network) this can be performed with a small number
of adaptation data.
The basic structure of the approach presented here is similar
to the one in [3], with the difference, that here the objective
function to train the adaptation layer is to maximize the Like-
lihood of the NN-HMM combination. This is comparable to
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Figure 2: Single adaptation layer with baseline MMINN

an MLLR-approach [4] for continuous density HMMs, with a
single transformation matrix.
In the following the training criterion for the neural network
will be derived, using the ML-criterion for the complete hybrid
system: Knowing the state sequenceS(1) : : : S(N) with M
different states for allN feature vectors�x(n), the ML criterion
for the adaptation of the network parameters� is

�̂ML
= argmax

�

NX
n=1

log p(x(n)jS(n)) (3)

in the log-domain. Using a VQ withJ Codebook entries
p(x(n)jS(n)) becomes [1]:

p(x(n)jS(n)) = p(x(n)) �

JX
j=1

P (yj jS(n)) �
P (yjjx(n))

P (yj)
(4)

Because of the VQ,P (yj jx(n)) equals to1, if ŷ = yj and0
otherwise. This leads to:

p(x(n)jS(n)) = p(x(n)) � P (ŷ(n)jS(n)) �
1

P (ŷ(n))
(5)

= p(x(n)) � P (S(n)jŷ(n)) �
1

P (S(n))
(6)

Searching for the maximum parameter set, we can neglect the
factorp(x(n)), because it is not affected by the VQ. So Eq. 3
can be written as:

argmax
�

NX
n=1

log
P (S(n)jŷ(n))

P (S(n))
(7)

Counting up all occurrences ofS(n) = Sm andŷ(n) = yj and
dividing it byN gives:

argmax
�

MX
m=1

JX
j=1

Nmj

N
� log

P (Smjyj)

P (Sm)
(8)

Nmj=N can be interpreted as probabilityP 0(Sm; yj), which is
an estimate for the joint occurrence ofSm andyj in the adap-
tation data.P (Smjyj) is derived from the speaker independent
training, and thus it is constant here.
This results in:

argmax
�

MX
m=1

JX
j=1

P
0

(Sm; yj) � log
P (Smjyj)

P (Sm)
(9)
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Figure 3: MLP adaptation layer with baseline MMINN

=

MX
m=1

JX
j=1

P 0

(Sm; yj) � log P (Smjyj)�

MX
m=1

�
log P (Sm) �

JX
j=1

P 0

(Sm; yj)
�

(10)

=

MX
m=1

JX
j=1

P 0

(Sm; yj)�log P (Smjyj)�

MX
m=1

P 0

(Sm) � log P (Sm) (11)

The state probabilities are considered independent of the VQ,
thus the second term of Eq. 11 can be neglected, when calcu-
lating a gradient, which can be used for a gradient descent ap-
proach to train the parameters of the network:

@Eq:(11)

@�
=

MX
m=1

JX
j=1

@Eq:(11)

@P 0(Sm; yj)
�
@P 0

(Sm; yj)

@�
(12)

=

MX
m=1

JX
j=1

log(P (Smjyj)) �
@P 0(Sm; yj)

@�
(13)

=

MX
m=1

JX
j=1

P (yj jSm) � P (Sm)
MP

m=1

P (yj jSm) � P (Sm)

�
@P 0

(Si; yj)

@�
(14)

The first term of Eq. 14 can be computed using the distributions
of the speaker independent HMMs and the state probabilities
of the speaker independent training. The second term of Eq. 14
depends on the network topology used for adaptation and is sim-
ilar to the network training of an MMINN, which can be found
in detail in [1, 5].
For a single layer network, using the softmax functionOk(x) =

eyk(x)=TP
J

l=1
yl(x)=T

in the output layer (like in [1]), in order to calcu-

late the derivative of the network weights (g0ik in Fig. 2), results
in:

@Eq:(11)

@g0
ik

= 2 �

NX
n=1

xi(n) �

JX
l=1

(x0k � gk;l) � Al(�x(n)) (15)



with

Al(�x(n)) =
1

N
�Ol(�x(n)) �

�
log P (S(n)jyl)�

JX
j=1

log P (S(n)jyj) �Oj(�x(n))
�

(16)

If an MLP with a sigmoid in the hidden layer, is used as adapta-
tion network (Fig 3), the result for the weights in the first layer
(g00it) will be:

@Eq:(11)

@g00it
= 2 �

NX
n=1

xi(n) � x
0

t(n) � (1� x0t(n)) �

JX
l=1

Al(�x(n)) �

IX
i0=1

(x00i0 � gi0;l) � g
0

t;i0(17)

The result for the second layer is similar to the result of the
single layer network:

@Eq:(11)

@g0ti
= 2 �

NX
n=1

x0t(n) �

JX
l=1

(x00i � gi;l) �Al(�x(n)) (18)

3. HMM ADAPTATION

The second adaptation approach presented here is a method to
adapt the discrete HMM parameters. Due to the small number
of adaptation data, there is not enough training data to retrain
the models with the new speaker dependent data. Nevertheless,
some of the models will see more training data than others. The
goal now is to adapt the models depending on the amount of
training data. This means, a model with very few training data
will keep its speaker independent distribution and, on the other
side, a model with sufficient training data will be adapted to the
distribution produced by the adaptation data. Fig. 4 shows an
example of this process for two HMMs. The top part of the
figure shows a sample distribution for the speaker independent
case. If the HMMs were trained with the adaptation data, the
distributions in the middle would result. The adapted HMMs
will be somewhere between the speaker independent and the
speaker dependent distributions, depending on the amount of
training data. This approach is a special case of the regulariza-
tion approach in [6], which leads to Bayesian learning for the
HMM parameters [7], using the speaker independent parame-
ters as prototypes.
Using this approach, the emission probabilities of the discrete
HMMs can be estimated as[6]:

bi(yk) =

� � b
(si)

i (yk) +
NP
n=1

i(n) � �ŷ(n);yk

� +
NP
n=1

i(n)

(19)

Whereb(si)i denotes the probabilities of the speaker indepen-
dent system.i(n) are the probabilistic state counts determined
using the forward-backward algorithm.� is a constant fac-
tor, which decides how much the new probabilities rely on the
speaker independent system. For the case� = 0 only the ob-
servations of the adaptation data are taken into account. For the
case� !1, only the speaker independent values are used.
For the state transitions the equivalent formula is:

aij =

� � a
(si)

ij +
N�1P
n=1

�ij(n)

� +
N�1P
n=1

i(n)

(20)
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Figure 4: Changes of discrete emission probabilities by adapt-
ing the HMM parameters

Where�ij(n) denotes the expected number of transitions from
statei into statej.

4. EXPERIMENTS AND RESULTS

The speaker independent baseline system (gender independent,
state clustered cross word triphones) is trained with the si-84
part of the 1992 WSJ database (7200 utterances from 84 speak-
ers). There are three WSJ test sets concerning adaptation. These
are the 1992 sdet 05 test, a speaker dependent test with 12 test
speakers and a vocabulary of five thousand words. The other
two tests are the 1993 S3C2 and S3P0 tests. The S3C2 test
is similar to the sdet 05 test, only that there are now 10 new
speakers in this test. The S3P0 is in opposite to the other two
tests a test set with 10 non native speakers. The later one is to
test the adaptation algorithm for recognition outliers.
For all test sets there are 40 adaptation sentences for each test
speaker. With those 40 sentences a supervised adaptation is per-
formed on the baseline system.
Table 1 shows the results for the three test sets for the proposed
adaptation approaches. The first approach with a single layer
(SL) adaptation network using maximum likelihood (ML) as
objective function, achieves a reduction of the word error rates
between 16.3 and 18.9 percent for native speakers, compared
to the speaker independent baseline system (si-84). The gain
for non-native speakers in the s3p0 task is 15.7 percent. One
important issue of speaker adaptation is the question, how many
adaptation utterances are needed for the adaptation algorithm.
For the single layer adaptation network (SL-ML) this is shown
in Fig. 5 for the sd05 task, using the first 10, 20, 30 and all of
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Figure 5: Performance of the ML-adaptation using the adapta-
tion data with a trigram language model

System task bg tg

si-84 sd 05 11.0 7.9
adapt SL-ML sd 05 9.2 6.4

adapt MLP-ML sd 05 9.4 6.9

si-84 s3 c2 12.5 10.1
adapt SL-ML s3 c2 10.2 8.0

si-84 s3 p0 32.4
adapt SL-ML s3 p0 27.3
adapt HMM s3 p0 25.6

adapt SL-ML & HMM s3 p0 23.0

Table 1: Error rates for WSJ test sets

the 40 adaptation sentences available for this task.
To have an idea, how much more can be achieved with more
adaptation data, the speaker dependent training data of the
sd et 05 test has been used for adaptation. There are 600 ut-
terances per speaker as training data in this task. The result of
an adaptation using those utterances is given in Fig. 6 using
a bigram and a trigram language model. It can be seen, that
up to 40 utterances the error rate drops quite quickly, and then
converges. The final result, using all training data for adaptation
achieves error rates of 9.0% using a bigram language model and
6.3% using a trigram language model. These error rates are very
close to the error rates reported in the official WSJ benchmark
test [8], where the word error rate of the best speaker dependent
system was 8.2% using a bigram language model and 6.1% us-
ing a trigram language model. This means, that with this adap-
tation approach one can achieve recognition rates, which are
very close to the ones, one would achieve with a speaker depen-
dent system. This shows, that the number of parameters is small
enough to work with only a few sentences used for adaptation,
and on the other side, the number of parameters is large enough
to benefit from a large number of adaptation sentences.
The system with the MLP adaptation network (MLP-ML in
Tab. 1) reduces the word error rate as well, but not as good as
the single layer network (SL-ML). This means, there is no gain
by using a nonlinear transformation on this task.
The adaptation of the HMM parameters with Bayesian learning,
was performed using the data of the non-native speakers of the
s3 p0 task (last 4 rows of Tab. 1). Because of the different pro-
nunciations of these speakers the baseline error rate is higher
than the error rate for native speakers. The result of the HMM
adaptation (second last row) is better than the result of the fea-
ture space transformation using a single layer network on the
same task.
The test in the last row of Tab. 1 shows, that the adaptation of
the HMM parameters can be combined with the adaptation of
the feature vectors. The result is better than using one of the
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Figure 6: Performance of the ML-adaptation using the sd05
training data with a bigram (bg) and a trigram (tg) language
model (LM)

above adaptation approaches alone.

5. CONCLUSION

With both of the two adaptation approaches presented in this
paper, the word error rate of three WSJ test sets could be re-
duced. Furthermore it could be shown, that both approaches
can be combined for a further reduction in error rate. The com-
bination of both approaches can be interpreted for the case of
CDHMM as combination of MLLR with Bayesian learning.
For the adaptation using feature space transformation, a linear
transformation achieved the best results. The higher error rate of
the non-linear system is probably caused by the higher number
of parameters, which have to be estimated using an MLP.
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