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Abstract

arlier hybrid multilayer perceptron (MLP)/hidden Markov model (HMM) continuous speech recognition sys-
r

g
tems have not modeled context-dependent phonetic effects, sequences of distributions for phonetic models, o
ender-based speech consistencies. In this paper we present a new MLP architecture and training procedure for

t
"
modeling context-dependent phonetic classes with a sequence of distributions. A new training procedure tha
smooths" networks with different degrees of context-dependence is proposed in order to obtain a robust esti-

p
mate of the context-dependent probabilities. We have used this new architecture to model generalized biphone
honetic contexts. Tests with the speaker-independent DARPA Resource Management database have shown

d
w
average reductions in word error rates of 20% in both the word-pair grammar and no-grammar cases, compare

ith our earlier context-independent MLP/HMM hybrid.

P

1. Introduction

revious work by Morgan, Bourlard, et al. [1, 2] has shown both theoretically and practically that multilayer

s
perceptrons (MLPs) can be successfully used in a hidden Markov model (HMM) continuous speech recognition
ystem for estimation of the state dependent observation probabilities. Motivations for this approach include

-
t
relaxation of the restrictive independence assumptions in the computation of the observation likelihoods of tradi
ional HMMs and a reduction in the number of parameters needed for detailed phonetic modeling as a result of

s
increased sharing of model parameters between phonetic classes. Recently, this approach was applied to a
tate-of-the-art speech recognition system (the SRI-DECIPHER system [3]) in which an MLP provided estimates

-
i
of context-independent posterior probabilities of phone classes, which were then converted to HMM context
ndependent state observation likelihoods using Bayes’ rule [4]. The best recognition performance on the

M
DARPA Resource Management database with the DECIPHER system has been achieved using a hybrid

LP/HMM that employs a weighted mixture of state observation likelihoods provided by the MLP and the
e

d
HMM. Table 1 compares the performance of the best pure HMM system with that of the hybrid on thre
ifferent test sets from the speaker-independent DARPA Resource Management database, in both the (word-pair)

r
grammar and no-grammar cases. Performance improved using the hybrid approach in all six tests, with the
eduction in word error ranging from 15% to 30%.

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
i Grammar No Grammariiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
i HMM Hybrid HMM Hybridiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
iFeb89 4.6 3.9 21.2 17.2iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
iOct89 5.1 4.1 23.2 18.9iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
iFeb91 4.6 3.3 19.8 16.9iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiic
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.Table 1: Best pure HMM vs. hybrid MLP/HMM (% word error)
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Tests comparing the best DECIPHER pure HMM system with one that replaces the HMM state observa-

b
tion likelihoods with those supplied by an MLP (rather than mixing the HMM and MLP likelihoods) showed
etter performance by the pure HMM system (which had almost a factor of 40 more parameters than the

t
p
hybrid). This seems to be due to the simplicity of the MLP used, which did not model context-dependen
honetic effects, multiple sequential distributions for phones, or gender-based speech consistencies. In this

s
a
paper, we present a new MLP architecture and training method that models context-dependent phonetic effect
nd allows the modeling of phonetic classes with a sequence of distributions, corresponding to a sequence of

)
l
HMM states, while training discriminatively at the phonetic level rather than at the subphonetic (HMM-state
evel. Ongoing work on the modeling of gender-based speech consistencies with MLPs is described elsewhere

[5, 6].

Context-dependent modeling: Experience with HMM technology has shown that using context-dependent

c
phonetic models improves recognition accuracy significantly [7, 8]. This is so because acoustic correlates of
oarticulatory effects are explicitly modeled, producing sharper and less overlapping probability density func-

p
tions for the different phone classes. Context-dependent HMMs use different probability distributions for every
hone in every different relevant context. This practice causes problems that are due to the reduced amount of

p
data available to train phones in highly specific contexts, resulting in models that are not robust and generalize
oorly. The solution to this problem used by many HMM systems is to train models at many different levels of

-
i
context-specificity, including biphone (conditioned only on the phone immediately to the left or right), general
zed biphone (conditioned on the broad class of the phone to the left or right), triphone (conditioned on the

e
s
phone to the left and the right), generalized triphone, and word specific phone. Models conditioned by mor
pecific contexts are linearly smoothed with more general models. The "deleted interpolation" algorithm [9]

-
d
provides linear weighting coefficients for the observation probabilities with different degrees of context depen
ence by maximizing the likelihood of the different models over new, unseen data. This approach cannot be

e
p
directly extended to MLP-based systems because the "smoothing" of MLP weights makes no sense. It would b
ossible to use this approach to average the probabilities from different MLPs, however, since the MLP training

e
M
algorithm is a discriminant procedure, it would be desirable to use a discriminant procedure to "smooth" th

LP probabilities together.

An earlier approach to context-dependent phonetic modeling with MLPs was proposed by Bourlard et al.

s
[10]. It is based on factoring the context-dependent likelihood and uses a set of binary inputs to the network to
pecify context classes. The number of parameters and the computational load using this approach are not much

greater than those for the original context-independent net.

The context-dependent modeling approach we present here uses a different factoring of the desired
-

d
context-dependent likelihoods, a network architecture that shares the input-to-hidden layer among the context
ependent classes to reduce the number of parameters, and a training procedure that "smooths" networks with

different degrees of context-dependence in order to achieve robustness in probability estimates.

Multidistribution modeling: Experience with HMM-based systems has shown the importance of modeling
-

t
phonetic units with a sequence of distributions rather than a single distribution. This allows the model to cap
ure some of the dynamics of phonetic segments. The SRI-DECIPHER system models most phones with a

p
sequence of three HMM states. Our initial hybrid system used only a single MLP output unit for each HMM
hone model. When this was first extended to three MLP output units for each phone, corresponding to the

r
r
three states of the HMM phone model, the word recognition error rate increased by almost 30%. A simila
esult was found in experiments performed at ICSI (personal communication). This seemed to be due to the

e
a
discriminative nature of the MLP training algorithm. The appropriate level to train discrimination is likely to b
t the level of the phone (or higher) rather than at the subphonetic HMM-state level, to which these outputs

r
e
units correspond. The new architecture presented here accomplishes this by training separate output layers fo
ach of the three HMM states, resulting in a network trained to discriminate at the phone level, while allowing

2

three distributions to model each phone.

. Hybrid MLP/HMM

The baseline MLP/HMM DECIPHER hybrid (described by Renals et al. [4]) substitutes (scaled) probability esti-

t
mates computed with MLPs for the tied mixture HMM state-dependent observation probability densities. The
opology of the HMM system is kept unchanged.
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The hybrid system is bootstrapped from the basic HMM DECIPHER system [3] already trained using the
e

p
forward-backward maximum-likelihood method. Forced Viterbi alignments for every training sentence provid
hone labels, among 69 phone classes, for every frame of speech.

-
t

A feed-forward MLP is trained with stochastic gradient descent using these labeled data. A minimum rela
ive entropy between posterior target distribution and posterior output distribution is used. The target distribution

t
d
is defined as 1 for the index corresponding to the phone class label and 0 for the other classes. With this targe
istribution, assuming enough parameters in the MLP, enough training data, and that the training does not get

stuck in a local minimum, the MLP outputs will approximate the posterior class probabilities p (q e Y ), where qj t j

c torresponds to the jth phone class and Y is the acoustic vector at time t [1]. Frame classification on an
.

T
independent cross-validation set is used to control the learning rate and to decide when to stop training as in [4]

he initial learning rate is kept constant until cross-validation performance increases less than 0.5%, after which
hhh until performance increases no further.
1

it is reduced as
2n

The network architecture consists of an input layer of 234 units, spanning 9 frames of cepstra, delta ceps-
-

d
tra, energy, and delta energy features that are normalized to have zero mean and unit variance, a 1000-unit hid
en layer, and an output layer with 69 units, one per phone class. Both hidden and output layers consist of sig-

moidal units.

During recognition, the posterior class probabilities are converted to (scaled) phone class conditioned

3

observation likelihoods using Bayes’ rule.

. Context-Dependent Multidistribution Hybrid MLP/HMM

t
p
The context-independent hybrid MLP/HMM described above has been extended to model context-dependen
honetic classes using a Bayesian factoring of scaled context-dependent posterior phone probabilities computed

s
c
with an MLP architecture as shown in Figure 1. A separate output layer (consisting of 69 output unit
orresponding to 69 context-dependent phonetic classes) is trained for each context. Two approaches are used to

d
s
control the number of parameters: error-based smoothing of context-dependent and independent parameters, an
haring of input-to-hidden weights among all context classes. The context-dependent MLP can be viewed as a

s
a
set of MLPs, one for each context, which have the same input-to-hidden weights. Separate sets of output layer
re used to model context effects in different states of HMM phone models. As a result, since the training

e
d
proceeds as if each output layer was part of an independent net, the system learns discrimination between th
ifferent phonetic classes within an output layer, but does not learn discrimination between the different states of

3

the same phonetic class (which are represented in different output layers).

.1. Context-dependent factoring

In the HMM framework, every state is associated with a specific phone class and context. During the Viterbi
t[11] recognition search, p (Y e q ,c ) (the probability of acoustic vector Y given the phone class q in the context j k t j

c klass c ) is required for each state. Since MLPs can compute Bayesian posterior probabilities, we compute the
required HMM probabilities using

p (Y e q ,c ) =
P (q e c )

P (q e Y ,c )p (Y e c )hhhhhhhhhhhhhhhhhh (1)
j t k t k

k

t

t j k
j

kwhere p (Y e c ) can be factored again as

p (Y e c ) =
P (c )

P (c e Y )p (Y )hhhhhhhhhhhhh . (2)
k t t

k
t k

j t , k j t t
c
The factor p (q e Y c ) is the posterior probability of phone class q given the input vector Y and the contex
lass c . To compute this factor, we use a direct interpretation of the definition of conditional probability, con-k

ksidering the conditioning on c in (1) as restricting the set of input vectors only to those produced in the context
c . If M is the number of context classes, this implementation uses a set of M MLPs (all sharing the samek
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d
u
input-to-hidden layer) similar to those used in the context-independent case except that each MLP is traine
sing only input-output examples obtained from the corresponding context c .k

e
i

Every context-specific net performs a simpler classification than in the context-independent case becaus
n a given context the acoustic correlates of different phones have much less overlap in their class boundaries.

.p (c e Y ) can be computed using a standard MLP whose outputs correspond to the context classesk t

j k k t s
f
p (q e c ) and p (c ) are estimated by counting over the training examples. Finally, p (Y ) is common to all state
or any given time frame, and can therefore be discarded in the Viterbi computation, since it will not change the

3

optimal state sequence used to get the recognized string.

.2. Context-dependent training and smoothing

:In order to achieve robust training of context-specific nets, we use the following method

Initially, a context-independent MLP is trained as in [4] to estimate the context-independent posterior pro-

u
babilities over the N phone classes. After the context-independent training converges, the resulting weights are
sed to initialize the weights of the context-specific nets. The context-dependent training proceeds by presenting

e
a
each training example (the acoustic vector with an associated phone label and context label) only to th
ppropriate context-specific network. Otherwise, the training procedure is similar to that for the context-

l
c
independent net, using stochastic gradient descent and a relative entropy training criterion. The overal
lassification performance evaluated on an independent cross-validation set is used to determine the learning rate

,
w
as in [4]. Training stops when overall cross-validation performance does not improve any further. In this phase

e are actually training a set of M independent nets, each one trained on a nonoverlaping subset of the original
training data.

Every context-specific net would asymptotically converge to the context conditioned posteriors p (q e Y ,c )j t k

tj ,
a
given enough training data and training iterations. Due to the initialization, the net starts estimating p (q e Y )
nd from that point it follows a trajectory in weight space (see Figure 2), incrementally moving away from the

a
r
context-independent parameters as long as classification performance on the cross-validation set improves. As
esult, the net retains useful information from the context-independent initial conditions. In this way, we per-

-
d
form a type of nonlinear smoothing between the pure context-independent parameters and the pure context
ependent parameters.

Furthermore, whereas the mixing coefficients are determined with a maximum likelihood approach in the
-

t
deleted interpolation method, in the method proposed here, the cross-validation classification error is the cri
erion that determines how much context-dependent learning is effective for discrimination. Thus, the degree of

s
smoothing is based on the point where cross-validation classification error attains a local minimum. Since we
tart from a good point in the parameter space, training time may be reduced below that needed in the case of

random initialization.

This same approach can be extended to handle a hierarchy of context-dependent models that go from very
t

c
broad context classes to highly specific ones by defining a hierarchy of context classes in which every contex
lass at one level is included in a broader class at the higher level. Every context-specific MLP at a given level

t
in the hierarchy is initialized with the weights of a previously trained context-specific MLP at the higher level in
he hierarchy whose associated context class includes that for the MLP being initialized (see Figure 3).

l
t

In order to reduce the number of independent parameters to train, we propose an architecture in which al
he context-specific nets share the input-to-hidden layer (see Figure 1). Consequently, the hidden layer represen-

e
tation of the acoustic features is shared by all context classes. The different sets of hidden-to-output weights are
xpected to capture the different acoustic boundaries between phone classes in different contexts.

d
m

As a further simplification to speed up training, given that the input-to-hidden weights are the hardest an
ost time-consuming to train and are already trained in the context-independent training phase, we keep them

e
h
fixed during the context-dependent training phase. In doing so, we are assuming that the features provided by th
idden layer are useful for context-dependent classification. Thus, the only new parameters to train for every

context-specific net are the hidden-to-output weights.
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I

3.3. Multiple states for phone models

n the SRI-DECIPHER system, which the hybrid system extends, two or three states are used to model each
e

m
phonetic class. In addition to capturing some of the dynamics of phonetic segments, multiple-state phon

odels allow more precise modeling of context effects because the initial portion of a phone segment is
-

l
influenced more by the previous phone while the final portion of a phone segment is influenced more by the fol
owing phone. In the present approach, we have defined different context classes for different HMM phone

e
d
states. In the current implementation, two different sets of context classes are used: generalized left-biphon
ependent for the first state and generalized right-biphone dependent for the last state of every phone model.

t
For the three state models, the middle state is treated as context-independent (see Figure 4). This approach has
he combined advantage of allowing both previous and following context to be modeled for individual HMM

f
H
phones although only generalized biphone classes are trained and allowing training of the different states o

MM phonetic models in separate output layers so that discrimination is not learned between the different states

3

of the same phone, but only between phonetic classes.

.4. Recognition

During recognition, as in training, first states of HMM phones are associated with the context-specific MLP out-

a
put unit according to the context class to which the predecessor phone belongs. Last states of HMM phones are
ssociated with the context-specific output unit according to the context class to which the following phone

s
t
belongs. Middle states of 3-state HMM phones are associated with a context-independent layer which wa
rained only on frames that were aligned to middle HMM phone states.

g
r

The smoothed context-dependent posterior probabilities supplied by the MLP have to be converted durin
ecognition to (scaled) state-conditioned observation probabilities using the normalization factors provided by

t
n
Eqs. (1) and (2). However, because these values are a result of smoothing context-dependent and independen
etworks, the normalization factors should be a combination of those corresponding to the context-dependent

p
and context-independent cases. We use the following heuristics for converting the smoothed posteriors

(q e Y c ) to smoothed (scaled) observation probabilities p (Y e q c ):s
j t , k

s
t j , k

s
t j k

s
j t k j

k

j
j
k

j k k

k t
)hhhhhhhhhhhhh

M
J
O

(3
)p (c e Y

)
hhhhhh + (1 − α )

p (q e c )p (c
1

)

where

p (Y e q ,c ) = p (q e Y ,c )
I
J
L
α

p (q

α =
N ( j )+b [N ( j ,k )]

N ( j )hhhhhhhhhhhhhhhhh . (4)
ci

d

c

j
k

ci c

i cd e
n
N ( j ) is the number of training examples for phone class j for the context-independent net. N ( j ,k ) is th

umber of training examples for the context-dependent net for phone class j and for the context class k . Con-

4

stant b is optimized on a development set for minimum word-recognition error.

. Evaluation

Training and recognition experiments with the MLP/HMM hybrid were conducted using the speaker-
.

T
independent, continuous-speech, DARPA Resource Management database. The vocabulary size is 998 words

ests were run both with a word-pair (perplexity 60) grammar, and with no grammar. The training set consisted
.

T
of 3510 sentences (approximately one million frames), and the cross-validation set consisted of 480 sentences

he 3990 sentences making up these two sets comprise the standard DARPA speaker-independent training set

p
for this task. A set of eight left and eight right generalized biphone phonetic context classes were chosen, based
rincipally on place of articulation and acoustic characteristics. These are shown in tables 2 and 3. The

d
differences between Tables 2 and 3 account for the different contextual effects of preceding vs. following
iphthongs.
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iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
silence 4 q hh hv -iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

ilabials 9 b bcl m em w f p pcl viiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
ialvpallat 17 d dcl t tcl s z dh dx th n en sh zh ch jh l eliiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
ivelars 6 g k gcl kcl ng engiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
ir 4 r er er+1 axriiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
iround 10 ao+1 ow+1 uw+1 ao ow uw uh uh+1 aw aw+1iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
iunround-low 7 aa+1 ae+1 ah+1 aa ae ah axiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
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Table 2: Generalized left biphones.

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
isilence 4 q hh hv -iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
ilabials 9 b bcl m em w f p pcl viiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
ialvpallat 17 d dcl t tcl s z dh dx th n en sh zh ch jh l eliiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
ivelars 6 g k gcl kcl ng engiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
ir 4 r er er+1 axriiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
iround 9 ao+1 ow+1 uw+1 ao ow uw uh uh+1 oy+1iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
iunround-low 11 aa+1 ae+1 ah+1 aa ae ah ax aw aw+1 ay+1 ayiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
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Table 3: Generalized right biphones.

or every speech frame, a 12th-order mel cepstrum was computed and 26 coefficients were produced: log
s

p
energy, 12 cepstral coefficients, and their smoothed derivatives. A 9-frame window of 234 input values wa
resented as the input vector Y to the input layer. The phone class label associated with the central frame

d
t

efined the target output class. The context class to which the previous or following phone belongs (depending
e

t
on which phone state the frame was aligned with) determined the context class. Two additional networks wer
rained to provide the probabilities of the right and left context classes. These networks have 234 input units

(receiving the same input vector Y as the context-dependent and context-independent networks), 512 hiddent

.units, and 8 output units, one for each context class

The final cross-validation error for the context-dependent net was 21.4% vs. 30.6% obtained with the
c

b
context-independent network. Expecting this degree of improvement in actual recognition may be overoptimisti
ecause the context is assumed to be known for this cross-validation error evaluation. Nevertheless, it suggests

f
t
that the context-dependent architecture is capable of much more detailed modeling of the acoustic variability o
he speech signal.

Computational load for context-dependent training was approximately the same as for context-independent

t
training because, although the context-dependent net is significantly larger than the context-independent net, only
he corresponding context-specific output layer is updated for each frame presentation. During recognition, the

t
h
computational load for the context-dependent hybrid was more than four times that of the context-independen
ybrid. This is a result of the fact that, because of the huge number of hypotheses that are explored in the

Viterbi search, forward propagation is computed for every context-specific output layer for every frame.

Table 4 presents word recognition error for three different speaker-independent Resource Management test
l

s
sets (February 89, October 89, and February 91) for both the (word-pair) grammar and no-grammar cases. In al
ix tests, we see reductions in word error rates using the new architecture, with an average reduction in word

error of 20%.
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iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
Grammar No Grammar iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

CI-MLP CD-MLP CI-MLP CD-MLPiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
Feb89 5.4 4.7 24.9 19.4 iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
Oct89 7.6 5.7 27.0 20.8 iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
Feb91 6.2 5.0 25.0 20.5 i
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c
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c
c
c
c
c
c

c
c
c
c
c
c
c

c
c
c
c
c
c

c
c
c
c
c
c
c

c
c
c
c
c
c
c

c
c
c
c
c
c

c
c
c
c
c
c
c

.

5

5. Discussion

Table 4: Context-independent vs. context-dependent MLP (% word error)

.1. Refining the hybrid MLP/HMM

Two principal problems must be resolved in order to model context-dependent phonetic classes with a sequence

[

of distributions in a hybrid MLP/HMM system:

1] Context-dependent phonetic modeling requires many more parameters than context-independent phonetic

t
modeling. Many contexts will be poorly represented in training databases of realistic size, which can lead
o models that lack robustness.

[2] A straightforward extension of our original MLP to the modeling of multiple distributions for phonetic
s

l
classes leads to discriminative training between subphonetic classes (corresponding to HMM states). It i
ikely that the appropriate level for discriminative training is at the phonetic level (or higher).

s
a

Parameter explosion: In standard HMMs, most of the parameters in the system are in the distribution
ssociated with the individual states. MLPs use representations that are more distributed in nature, allowing

.
W
more sharing of representational resources and better allocation of representational resources based on training

e exploit this characteristic of MLPs in the approach described here by sharing the input-to-hidden layer

a
weights among all context classes. This sharing substantially reduces the number of parameters to train and the
mount of computation required during both training and recognition. The context-dependent MLP has 17 times

p
as many output units (classes) as the context-independent MLP, but has only a factor of 4.6 times as many
arameters. In addition, we do not adjust the input-to-hidden weights during the context-dependent phase of

a
training, assuming that the features provided by the hidden layer activations are relatively low level and are
ppropriate for context-dependent as well as context-independent modeling. This procedure substantially reduces

c
context-dependent training time. The large decrease in cross-validation error going from context-independent to
ontext-dependent MLPs suggests that the features learned by the hidden layer during the context-independent

a
training phase, combined with the extra modeling power of the context specific hidden-to-output layers, were
dequate to capture the more detailed context-specific phone classes.

-
i

The other approach used to increase the robustness of the context-dependent models is error-based smooth
ng, in which the context-dependent net is initialized with context-independent weights, and training proceeds

o
until a minimum in cross-validation performance is reached. This results in a network that uses a combination
f context-independent and context-dependent information in order to maintain performance for poorly

h
s
represented contexts by relying more heavily on context-independent training for those cases. This approac
erves the same purpose as the deleted interpolation algorithm in the training of standard context-dependent

t
HMMs, but uses cross-validation error as the criterion to determine the amount of context-dependent learning
hat is effective for discrimination.

Subphonetic discrimination: A direct extension of our original hybrid approach to handle a sequence of

o
distributions for phonetic classes (corresponding to multiple HMM states), based on increasing the size of the
utput layer to handle the additional classes, resulted in a degradation in recognition accuracy. The decline

,
t
seemed to be due to the fact that the MLP was being trained to discriminate subphonetic classes. As a result
he MLP was attempting to discriminate into separate classes acoustic vectors that corresponded to the same

h
phone and in many cases were very similar, but were aligned with different HMM states. There were likely to
ave been many cases in which almost identical acoustic vectors were labeled as a positive example in one
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nstance and a negative example in another for the same output class. The use of separate output layers
f

m
corresponding both to different states of an HMM phonetic model and to different contexts allows the training o

ultiple distributions for phonetic models, without training discriminatively between the states of a single HMM
h

t
phonetic model. In addition, this approach avoids discriminative training between output units associated wit
he same phone in different contexts.

s

T

5.2. Comparison with earlier system

he results shown in Table 4 suggest that these techniques were successful in improving performance of our ori-

s
ginal hybrid MLP/HMM system, which was based on a simpler MLP. Comparing the results in Tables 1 and 4
hows that our new hybrid (in which we did not mix MLP and HMM supplied probabilities) does not perform as

M
well as our best case which mixes MLP and HMM probabilities, or as well as our best pure HMM system. The

LP described here is still far simpler than our best pure HMM, with approximately a factor of eight fewer
f

p
parameters, modeling of only generalized biphone phonetic contexts (the HMM models a full hierarchy o
honetic contexts including generalized biphone, specific biphone, generalized triphone, specific triphone, and

e
c
word-specific phone), and no modeling of gender-specific speech consistencies. In the future, we will extend th
urrent approach to the modeling of finer phonetic contexts and incorporate models of gender-specific speech

s
M
consistencies. The new MLP developed here, and the planned extensions, can be used in a system that mixe

LP and HMM supplied probabilities, although we expect that the planned extensions to our current MLP
-

b
model will lead to a system that performs better than our current best system (which mixes MLP and HMM pro
abilities) without the need for such mixing, therefore resulting in a simpler system.

T

6. Conclusions

he limitations of earlier MLP/HMM hybrids include the lack of modeling of context-dependent phonetic
e

p
effects, sequences of distributions for phonetic models, and gender-based speech consistencies. We hav
resented a new MLP architecture and training procedure for modeling context-dependent phonetic classes with

s
i
a sequence of distributions. Tests using the DARPA Resource Management database have shown improvement
n recognition performance using this new approach, modeling only generalized biphone context categories.

d
These results suggest that sharing input-to-hidden weights between context categories (and not retraining them
uring the context-dependent training phase) results in a hidden layer representation which is adequate for

c
context-dependent as well as context-independent modeling, error-based smoothing of context-independent and
ontext-dependent weights is effective for training a robust model, and using separate output layers and hidden-

-
q
to-output weights corresponding to different context classes of different states of HMM phone models is ade
uate to capture acoustic effects which change throughout the production of individual phonetic segments.

S
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