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ABSTRACT

This report is concerned with integrating connectionist networks into a hidden Markov
model (HMM) speech recognition system, This is achieved through a statistical under-
standing of connectionist networks as probability estimators, first elucidated by Hervé
Bourlard. We review the basis of HMM speech recognition, and point out the possible
benefits of incorporating connectionist networks. We discuss some issues necessary to the
construction of a connectionist HMM recognition system, and describe the performance of
such a system, including evaluations on the DARPA database, in collaboration with Mike
Cohen and Horacio Franco of SRI International. In conclusion, we show that aconnectionist
component improves a state of the art HMM system.






Part |
INTRODUCTION

Over the past few years, connectionist models have been widely proposed as a potentially powerful
approach to speech recognition (e.g. Makino et a. (1983), Huang et a. (1988) and Waibel et al.
(1989)). However, whilst connectionist methods have performed well in discrete utterance recogni-
tion addressed as a static pattern recognition problem (e.g. Fanty et a. (1992)), architectures and
associated training algorithms have not yet been devel oped that can adequately model the temporal
structure of speech.

State of the art continuous speech recognition systems are statistical in nature, based around hidden
Markov models (HMMs) (e.g. Lee (1988), Cohen et al. (1990)). Within this statistical framework,
connectionist methods have been used to improve continuous speech recognition systems (Renals
et a., 1992; Austin et al., 1992; Robinson, 1992). Such improvements have resulted from an
integration of the connectionist and statistical components, based upon a statistical understanding
of the computations being performed by connectionist networks.

Thisreport discusses such a connectionist—statistical speech recognition system, developed at ICSl,
in collaboration with SRI International. We shall review the HMM approach to speech recognition,
and through a discussion of possible training criteria and probability estimators, describe how
a probabilistic understanding of feed-forward networks enables the principled construction of a
hybrid connectionist—-HMM system. We shall report experimenta results that we have achieved
using this system with various network architectures.



Part Il
STATISTICAL SPEECH RECOGNITION

HIDDEN MARKOV MODELS

Hidden Markov modelling of speech, assumesthat speech isa piecewise stationary process. That is,
an utterance ismodelled as a succession of discrete stationary states, with instantaneous transitions
between these states. A simple HMM s illustrated in figure 1. Essentially, a HMM is a stochastic
automaton, with a stochastic output process attached to each state.® Thus we have two concurrent
processes. a Markov process modelling the temporal structure of speech; and a set of state output
processes modelling the instantaneous character of the speech signal. Note a wider class of models,
hidden semi-Markov models, include a third stochastic process, modelling state duration. We shall
not deal with models of this class, concerning ourselves only with time-synchronous HMMs.

Idedlly, there would be a unique HMM for dl alowable sentencesin the language being modelled;
thisis clearly infeasible for any but the most trivial of cases. A hierarchical modelling scheme is
usually adopted. Each sentence is modelled as a sequence of words. The number of total models
required is now much smaller—rather than one model per possible sentence, thereis now one model
per vocabulary word. However, for large vocabul aries, a very large training set would be required to
learn models for each word: some words occur very infrequently. Thus a further decompositionis
required into subword units.2 Although there are good linguistic arguments for choosing units such
as syllables or demi-syllables, the unit most commonly used isthe phone® and is the unit used here.
Thus we have around 60 basic phone HMMs (for English), and from these we construct word and
sentence models. For any given sentence we may write down the corresponding HMM; each state
in that HMM is contributed by a constituent phone HMM.

HMM SPEECH RECOGNITION

The basic problem of speech recognition isto be able to output the correct sentence corresponding
to a spoken utterance. A genera approach to this problem is to output the most probable sentence
given the acoustic data. Thus we must choose sentence S, for which the probability* P(S|X), is a
maximum, where X is a sequence of acoustic data vectors.® If we choose to use hidden Markov
models, then a sentence is represented by a particular state sequence, QY, and the probability we

1. Moregenerally, the stochastic process could be regarded as being attached to each transition. If the processesattached
to each transition exiting a particular state are constrained to be identical, then this is equivalent to that process being
attached to the state. In practice, state processes, rather than transition processes, are used in most speech recognition

systems.
2. Although many large vocabulary continuous speech recognition systems do have individual models for frequently

occurring words—particularly function words, such as“and” and “the”.
3. A phoneis an acoustic category, whereas a phoneme is a perceptual category. For example, an utterance of the word

“citizenship” may be phonemically transcribed as /s ih dx ih z en sh i p/, although the /z/ may be voiced or unvoiced.
A phone transcription would represent an unvoiced /z/ as [s]. The distinction between phones and phonemes is often
confused in the speech recognition literature.

4. We use P to represent a probability, and p to represent a probability density.
5. This probability should actually bewritten asP(S|X, ©), where O representsthe model parameters. For now we shall
ignore this conditioning on the model.
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Figure 1: A schematic of a two state, left-to-right hidden Markov mode (HMM). A hidden Markov
model is a stochastic automaton, consisting of set of states, and corresponding transitions between
states. HMMs are “hidden” because the state of the model, g, isnot observed; rather the output, x, of
a stochastic process attached to that stateis observed. Thisis described by a probability distribution
p(x|g). Theother set of pertinent probabilitiesare the state transition probabilities, P(q;|q;).



requireis P(Q)|X). It is not obvious how to estimate this probability directly (but see section IV);
however we may re-express this probability using Bayes' rule:

p(X|QYM)PQY)
p(X) '

Thisseparatesthe probability estimation processinto two parts: acoustic modelling, inwhichthedata
dependent probability density p(X|QY) / p(X) are estimated; and /anguage modelling in which the
prior probabilitiesof state sequences, P(QY), are estimated. Thus, using the HMM assumptions, we
are abletotreat acoustic modelling and language modelling independently, using the data dependent
and prior probability estimates.

D) P(Q1IX) =

ACOUSTIC DATA MODELLING
DENSITY ESTIMATION

If we treat the probability of the data, p(X), as a normalising constant across models, then we can
estimate the desired posterior P(QY|X) using the joint density of the data and the state sequence,

2 P(QYX) x P(Q),X) .

Using a language model to specify P(QY), the acoustic modelling problem then becomes the esti-
mation of the likelihood of the acoustic data given the state sequence, p(X|QY).

The usual HMM training approach isto construct a density estimator using a maximum likelihood
training criterion (e.g. Bahl et a. (1983)). Given a training state sequence, the parameters of the
stochastic process on each state are adjusted to maximise the likelihood of that state sequence pro-
ducing the observed acoustic data. Since we are using a hierarchical modelling approach, different
state sequences share states, thus constraining the optimisation process. A powerful, provably con-
vergent (to a local minimum) algorithm for this optimisation is the forward-backward algorithm
(Baum et al., 1970; Liporace, 1982).

Assumptions.  In the course of training an acoustic model, various assumptions are made:

. Piecewise stationarity—we can model speech using a Markov chain;
. The prior probability of a model can be separately estimated—a language model may be
derived without reference to the acoustic data;

. Observationindependence—the current datavector isconditionally independent of previously
emitted data vectors;

. First order Markov process—the state of the process, q(t), depends only on the previous state,
q(t — 1);

. State emission—the current data vector is dependent only on the current state of the process.

At any given time, we wish to compute the joint density of a model emitting a data vector x(t)
while in state q(t), given the previous state sequence Qi and acoustic vector sequence X!2,
p(x(t), q(t)| X 1, QY. The above assumptions allow us to simplify this probability:

©) p(x(0), 9O XT QY = p(x()la®) P(a®)a(t — 1)) .



The probability of a particular state emitting a particular data vector, p(x(t)|q(t)), is referred to as
the state output or emission probability. The other probability, P(q(t)|q(t — 1)), isreferred to asthe
state transition probability.

Thus training an acoustic model by density estimation involves estimating the state transition
probabilities, and the probability density function (pdf) from which the state output likelihoods are
drawn. A key design decisionin acoustic modelling (given atraining criterion, in thiscase maximum
likelihood density estimation) is the choice of functional form for the state output pdfs.

Most HMM speech recognition systems use aparametric form of output pdf. In thiscase aparticular
functiona form is chosen for the set of pdfs to be estimated. Typical choices include Gaussians,
mixtures (linear combinations) of Gaussians and binned histograms (for vector quantised data). The
parameters of the pdf are then adapted according to the training data, so as to optimally model
the data. If we are dealing with a family of models within which the correct model falls, then this
is an optimal strategy. However, in the case of modelling speech using HMMs, both the HMM
assumptions and the output pdfs used for the HMMs are not good models of speech. In this case,
producing the best possible model of each unit of speech, will not necessarily lead to the best speech
recognition performance.

An alternative approach is non-parametric density estimation. Although this does not address the
problem of theHMM being an incorrect model, it does attempt to usethe datato choosethefamily of
output pdfs. In non-parametric density estimation, thefamily of pdfs under consideration changes as
more datais seen. An exampleis Parzen window estimation (Parzen, 1962), akernel-based method.
In thistechnique, as new datapointsoccur, new kernel s corresponding to those data pointsare added
to the estimator. This has been used in HMM speech recognition by Soudoplatoff (1986).

DISCRIMINATIVE TRAINING

Ultimately in speech recognition, we are not concerned with estimating the joint density of the
speech data and word sequence; we are interested in the posterior probability of aword sequence,
given the acoustic data. More informally, we are not finally concerned with modelling the speech
signal, but with correctly choosing the sequence of words that was uttered. At aloca level, rather
than constructingthe set of pdfsthat best describethedata (withinthe constrained family of functions
being optimised), we are interested in ensuring that the correct HMM state is the most probable
(according to the model) for each frame.

This leads us to a discriminative training criterion. Discriminative training attempts to model the
class boundaries—learn the distinctions between classes—rather than construct as good a model
as possible for each class. In practice this results in an algorithm that minimises the likelihood of
incorrect, competing models and maximises the likelihood of the correct model. This differs from
density estimation maximum likelihood training, in which each data point is used to update the
density model of the class from which it has been assigned.® Thus, in discriminative training, the
parameters of the correct class will be adjusted towards a data point (as in density estimation), but
those of the incorrect classes are moved away from the data point.

6. Inthecaseof “soft” density estimation, each data point is shared out amongst classes (depending on the likelihood of
generation by each class), so several class densities are updated. But there is no sense of discrimination.



There are many discriminative pattern recognition methods in the literature including the method
of Potential Functions (Aizerman et a., 1964), learning vector quantisation (LVQ) (Kohonen et a.,
1988) and the multi-layer perceptron (MLP) (seee.g. Hertz et al. (1991)). Unlikethe other methods,
the MLP may be used directly to compute class-conditional posterior probabilities (see section 11).

THE VITERBI ALGORITHM

So far we have discussed the model swe use, and how their parameters are estimated. In this section
we outline how trained HMMs are used to recogni se speech.

HMMs are generative stochastic models of speech. To recognise speech we take an input speech
signal, and compute the most probable sequence of models to have generated the speech signal.
An efficient agorithm for computing this state sequence is a dynamic programming algorithm
known as Viterbi decoding. The Viterbi algorithm essentially traces the minimum cost (or maximum
probability) path through a time-state lattice (Ney, 1984) subject to the constraintsimposed by the
acoustic and language models.

The Viterbi algorithm may aso be used in training. In this case a Viterbi alignment is performed
for a known word model sequence to obtain the optimal state segmentation. Given this optimal
segmentation the output pdf parameters (e.g. means and variances of Gaussians, weights of aMLP,
etc.) may be re-estimated. In the case of Gaussian pdfs, this process is known as the segmental
k-means agorithm (Rabiner et al., 1989).

PRIOR PROBABILITIES

The combination of phone modelsto form word modelsis constrained by a phone-structured | exicon
that details the allowed pronunciationsfor each word. Likewise the construction of sentences from
words is constrained by a language model, such as a stochastic grammar or (more simply) a
wordpair grammar that listsall allowable pairs of words. In a statistical speech recognition system,
the language model will thus assign a prior probability to all alowable sentences in the language.
Since sentences are composed of words, a prior probability is specified for each sentence. Using
the alowable pronunciations for each word (which may be probabilistic), prior probabilities are
also specified for each phone (and for each state of each phone model). So the specification of the
language model, phone-structured lexicon and basic phone HMMs, sets the prior probabilities for
HMM states, phones, words and sentences.

These prior probabilities are encoded in the topology and associated transition probabilities of the
hidden Markov word and sentence models. It will be important later to distinguishthese prior prob-
ability estimates from the prior probability estimates from the phone relative frequencies obtained
from the training data. We generaly do not wish to use the latter since a typica speech training
database is much smaller than atypical textua corpus from which the language model is derived.



Part 111
MLP PROBABILITY ESTIMATION

MULTI-LAYER PERCEPTRONS

A multi-layer perceptron (MLP), 7, is alayered feed-forward network. In the simplest case, con-
sidered in thiswork, there is an input (data) layer, a hidden layer and an output layer. In this case
the network may be described as afunction of the data X:

(4) 7 =g(WHf(WHX)).

Where W is a weight matrix between the hidden and output layers, and WH' a weight matrix
between input and hidden layers. f and g are vectors of transfer functionsfor the hidden and output
layers, typically sigmoidal in character.

POSTERIOR PROBABILITY ESTIMATION

ML Psmay be used to estimate probabilities. Asoriginally shown by Bourlard and Wellekens(1989),
and expanded by Gish (1990) and Richard and Lippmann (1991), a MLP trained to perform clas-
sification is a class-conditional posterior probability estimator. That is, after a‘1-from-N’ training,
where there is a one-to-one correspondence between output units and classes, a ML P output value,
given an input x, will be an estimate of the posterior probability of the corresponding class g; given
the input, P(q;|x). This result holds for training with various error functions (including relative
entropy or sum squared). The output units should be constrained to be non-negative and less than 1
(e.g. using a sigmoid transfer function).

Notethat asigmoidtransfer functiondoesnot constrainthe sum (over al classes) of class-conditional
posterior probabilitiesto equal 1. However, our computational experiments have shown that the sum
of estimated posteriors is usualy extremely close to 1, for test vectors drawn from a region of
space well-sampled for training. However in some applications (e.g. when combining or comparing
the estimates from different networks) it is desirable to enforce a ‘sum-to-1' constraint. One way
of achieving this is by adopting a normalising output transfer function such as the normalised
exponentia or ‘softmax’ (Bridle, 1990b).

In estimating posteriors using a MLP, we are using a discriminative training criterion and not
performing density estimation. Assuming equal class priors, for simplicity, we have the relation:

p(x| )
p(x) -

Thus directly estimating the posterior tells us how probable it is that a particular vector belongs to
a particular class, but gives us no information on how likely it is to observe that vector in the first
place. Thefull joint density estimation, on the other hand, tellsus both how likely we are to observe
a particular vector, as well as its class membership probabilities. Thisisillustrated in figure 2. So
although, a MLP does not provide a full probability model, if we are interested in discriminating
between classesit may provide a“better” use of parameters.

() P(ai[x) o
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Figure2: Posterior and likelihood estimation. I n thisexamplewe have2 classes, described by Gaussians,
with equal priors. Consider point A. If we use Gaussian likelihood estimators, then we can tell that
there isalow probability that A was generated by either class 1 or class 2. However, comparing these
small probabilities, we can tell that it is much more likely that A was generated by class 1 compared
with class 2. A direct posterior estimator, on the other hand, tellsuswhether it ismore probablethat A
isfrom class1 or class2, but doesnot tell ushow likely it isto observe A in thefirst place. The posterior
probability estimatetellsusthat given a piece of data was observed, how likely it isto be a member of
aparticular class.



The posterior probability estimation theorem holds only for agloba minimum of the error function.
In practice, thisisnot attainable: indeed, using a cross-validation training schedule alocal minimum
is not reached, astraining is stopped early to avoid overfitting (see section V). However, empirical
resultsindicate that good posterior probability estimates are still achieved.

OBTAINING LIKELIHOOD ESTIMATES

Applying a trained MLP to new data gives us the posterior probabilities of each class, given that
data. These probabilities depend on the relative class frequencies, which may be regarded as the
data-estimated priors. However, as discussed earlier, we want to use the language model estimated
priorsat recognitiontime. Thuswe need to factor out the rel ative classfrequencies, before using these
probabilities at recognition time. We use (scaled) likelihoodsrather than ML P posterior probability
estimates at recognition time.”

It is easy to convert posteriorsto scaled likelihoods using (5), but with non-equal priors:

(6) P(x|q) _ Palx)

p(x)  P(a)

Thus dividing each MLP output by its relevant frequency results in a scaled likelihood estimate,
suitablefor usein at recognition time.

HMM PROBABILITY ESTIMATION

The above sectionshave shownaML P can be used to estimate HMM output probabilities. Estimating
probabilitiesin this way enables us to make weaker assumptionsthan standard HMM systems.

. Although a MLP is a parametric model, a large network defines an extremely flexible set of
functions. In this manner we do not make strong assumptionsabout theinput statistics. Hence,
multiple sources of evidence may be combined as the input to a MLP. For example asingle
MLP may be trained using input data that mixes samples drawn from several distributions,
discrete or continuous.

. By training discriminatively, and not constructing a complete model of the joint density, we
are making weaker assumptions about the functional form of this density.
. Maximum likelihood estimation of HMM parameters requires the assumption of conditional

independence of observations. MLPs can model correlations across an input window of
adjacent frames.

A further benefit of using ML Ps comes from the regularity of the resulting recognition time compu-
tations, enabling an efficient implementation using parallel hardware.

7. Thissubstitution is not forced upon us; there is no technical reason why a Viterbi search cannot be carried out using
posterior probabilities (Bourlard & Wellekens, 1990).



PRIORS AND BIASES

If we use a softmax output transfer function then:

exp(>_; W;hid; + bias)

@ PR = = oxp(>, wqhid, + biasy
©) o exp(>_ whid; + biasy)
i
9) o exp(log(p(x|a))) exp(log(P(ai)))

where hid; is the output of hidden unit j, w; is the weight from hidden unit j to output unit i and
bias isthe bias value for output unit i. It is tempting to identify the weighted sum of hidden unit
outputsasthedata part (and so the log likelihood, log(p(x|q;))) and the bias asthe prior part (thelog
prior log(p(x|q;))) of each output unit. Observation of the output biases of a trained network does
indeed show a correlation with the log priors (relative frequencies). For example, the output biases
are uniformly negative.

However this relationship is too facile. Hervé Bourlard pointed out that the case is not so simple,
using the example of a multivariate Gaussian classifier. Asiswell known we can write down the
corresponding linear discriminant function (see e.g. Dudaand Hart (1973)) for a Gaussian classifier
with equal covariances:

(10 gi(x) = w x + Wy .

Where w isaweight matrix expressible in terms of the mean (u;) and covariance (Z;) of classi and
Wi isthe biasfor classi. In this case we have:

(11) wi = Zi_llJi
and
(12) Wio = — =7 + log(P(qr)) -

Here the biasis influenced by the class mean and covariance (a data term) as well as the log prior
term.

S0, it seems likely that the biases of atrained MLP will aso contain a data component, rather than
just encoding prior information. One way we attempted to minimise the data component was to
replace the usual sigmoid hidden unit transfer function (1 /1 + exp(—x)) with a tanh(x) function.
This has a[—1, +1] range (rather than [0, 1]); therefore in the case of random input, the expected
output would be 0. Hence, it might be hoped that the data portion of the biases would be minimal. Of
course, hidden unit outputs resulting from speech input are not random, and as reported in section
V1, the network biases were not good replacements for the priors at recognition time. However, this
postulated rel ationship was used to speed training time and improve generalisation (section V1).

10



Part IV
DISCRIMINATIVE HMMs

Asdiscussed earlier, traditional HMMs incorporate a compl ete probabilistic model of thejoint den-
sity, p(X, QY). Thisisgenerally estimated using aprior languagemodel P(QY) and an acoustic model
p(X|QY), optimised by a maximum likelihood process. This joint density is assumed proportional
to the posterior, P(Q)'|X): the normalising denominator p(X) isignored.

All these prababilities should be conditioned on the model parameters, ©. Thus we should express
the probability of the data as p(X|®). At recognition time this is constant across all models. At
training time the parameters of the model s are being adapted by the training algorithm: thus p(X|©)
is not constant across models. We may rewrite this probability as:

(13) P(X[©) =) p(X|QY, ©)P(Q}|©)
Q&
(14) =p(X|CY, ©)P(CY|®) + > p(X|I}, ©)P(1|O) |,

N
l 1

where C representsthecorrect state sequence and thesum over | representsasum over all incorrect
state sequences.

Thusif wetake our acoustic model asp(X|QY, ©)/p(X|©), rather than p(X |QY, ©), we must employ
adifferent training criterion. Rather than using maximum likelihood estimation to train each model,
we must maximise the likelihood of the correct state sequence, whilst simultaneously reducing the
likelihood of competing, incorrect state sequences. This corresponds to discriminativetraining, and
werefer to an HMM trained in thisfashion as a discriminative HMM.

FRAME-LEVEL DISCRIMINATION

In this paper, we deal mainly with discriminative training of HMMs at the frame level, rather
than the state sequence level. In practice this means we are concerned with the estimation of the
state output probabilities p(x|q;). As discussed earlier these are obtained using a MLP trained for
framewi se phone classification, which estimates the posterior P(q;|x). After dividing by therelative
frequencies (acoustic model phone priors) andinvoking Bayes' rulewehaveadiscriminative acoustic
model at the frame level, an estimate of p(x|q;) / p(x).

In practice, rather than using a singleframe of acousticinput, we use 2c + 1 frames, giving ¢ frames
of left and right context. In this case the ML P estimates the not-so-local probability P(q;|x(t — ¢), ...
,X(1), ..., x(t + ).

In this approach the transition probabilities are not estimated discriminatively. The maximum like-
lihood estimate may be used, or some duration constraint may be encoded using model states and
constant transition probabilities.® An alternative approach was the discriminative HMM, originaly

8. In practice, transition probabilities have a much smaller dynamic range than output probabilities, and are so less
important. Hence good speech recognisers can be built using these ad hoc transition probability settings, provided more
principled methods are used for the output probabilities.
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defined by Bourlard and Wellekens (1990). Here the probabilities estimated by the network are the
loca posteriors P(q(t)|q(t — 1),x(t)). This posterior combines the modelling of the output prob-
abilities (now transition-specific, rather than state-specific) and the transition probabilities. These
probabilities may be estimated by a MLP, with the addition of binary input units, representing the
previous state. At recognition time, al possible previous states must be cycled through in order to
compute all relevant loca posteriors. Significant experiments have not yet been performed using
this scheme.

GLOBAL DISCRIMINATION

There have been two basi ¢ approaches suggested for the optimisation of adiscriminativeHMM at a
state sequence (or global) level.

Bahl et al. (1986) presented atraining scheme for continuousHMMsinwhichthemutual information
between the acoustic evidence and the word sequence was maximised using gradient descent.
This is a discriminative objective function, maximised by gradient descent. More recently, Bridle
introduced the “aphanet” representation (Bridle, 1990a) of HMMs, in which the computation of
the HMM “forward” probabilities o;y = P(X{,q(t) = j) is performed by the forward dynamics of
a recurrent network. Alphanets may be discriminatively trained by minimising a relative entropy
objective function. This function incorporates the negative log of the global posterior probability of
the correct state sequence given the acoustic evidence P(QY| X, ©), rather than the local posterior
of astate given one frame of acoustic evidence. This posterior is the ratio of the likelihood of the
correct model to the sum of the likelihoods of all models. For continuous speech, a modd refers to
a sentence model. The numerator of this ratio is the quantity computed by the forward-backward
algorithm in training mode (when the word sequenceis constrained to be the correct word sequence,
so only time-warping variations are considered). The denominator involves a sum over al possible
models: thisis equivaent to the sum computed if the forward-backward a gorithm were to be run
at recognition time (with the only constraints over the word sequence provided by the language
model). Computation of this quantity would be prohibitive for both training and recognition. A
simpler quantity to compute isjust the sum over all possible phoneme sequences (unconstrained by
language model). Thisis not desirable as it assumes uniform priors rather than those specified by
the language model.

Initial work in using global optimisation methods for continuous speech recognition has been
performed by Bridle and Dodd (1991), Niles (1991) and Bengio et a. (1992). Bridle and Bengio
used this approach to optimise the input parameters via some (linear or non-linear) transform,
training the parameters of the HMM by a maximum likelihood process.

A second approach to global optimisation of discriminative HMMs is analagous to segmental
k-means training and has been referred to as embedded training (Bourlard & Morgan, 1990) or
connectionist Viterbi training (Franzini, Lee, & Waibel, 1990). In this method a frame level opti-
mi zation isinterleaved with aViterbi re-alignment. It should be noted that thetransition probabilities
are still optimised by a maximum likelihood criterion (or the Viterbi approximationtoit). It may be
proved that performing a Viterbi segmentation using posterior local probabilitieswill also result in
aglobal optimisation (Bourlard & Wellekens, 1990): however, there is a mismatch between model
and acoustic data priors, as discussed earlier.

12



Part V
A CONNECTIONIST-HMM RECOGNITION SYSTEM

The previously described components may be put together to form a hybrid connectionist-HMM
continuous speech recognition system (figure 3).

Thefirst stage in a speech recognition system is known as the front end. This consists of sampling
the time-amplitude waveform, followed by an analysis process designed to give a concise, hon-
redundant representation of the speech signal. Thisis usualy a frame based analysis in which a
window of speech (typically 20 mswide) is analysed by some kind of spectral or linear predictive
analysis, the window being advanced at discrete intervals (typically 10 ms). The resulting speech
signal isthen characterised by a series of feature vectors at 10 msintervals. Thismethod of analysis
embeds piecewise stationarity, since it assumes that the speech signal may be represented by a
sequence of discrete “ snapshots”.

In this paper we are mainly concerned with building statistical models of the speech signal in the
featurevector domain. Weuseaset of basic HMMs, corresponding to phones. Theseare concatenated
or built into networks, to form words and sentences, according to the lexicon and language model.

When training atraditional HMM system, the topologies and output pdfs of the HMMs are chosen
and initialised, then their parameters are estimated. In our connectionist HMM system, we follow
the same basic approach. We choose the topologies of the HMMs and we choose a MLP (with a
given architecture) to be our output pdf estimator. In the case where we have a single pdf per phone,
the MLP may be viewed as being trained to perform phonetic discrimination. We initialise the
models and perform a Viterbi alignment (using this bootstrap recogniser), producing atime-aligned
state segmentation (subject to the language model). From the state segmentation we can, of course,
obtain phone and word segmentations. This segmentation is used to produce the training targets for
the MLP. Thus the MLP targets implicitly contain information about the model. The MLP is then
trained using the back-propagation algorithm. Here, the temporal and static parts of the training
problem are separated, in contrast to the forward-backward a gorithm. The process maybe iterated,
aternating between training the MLP and re-estimating the transition probabilities, an embedded
training process.

The transition probabilities are not trained discriminatively, but are estimated using a maximum
likelihood method. This mismatch between discriminative output pdfs and maximum likelihood
transition probabilities is a weakness of our method, but does not seem to have a large adverse
effect on performance, sincethe systemis much more dependent on the output pdfs. In practice, the
transition probabilities are mainly used to encode average duration.

The usua time-synchronous Viterbi decoding algorithm is used for recognition. For each frame of
speech, a vector of HMM state conditional posterior probabilitiesis produced by the MLP. These
are converted to scaled likelihoods, by dividing by the data priors (relative state frequencies in the
training data). |n combination with the transition probabilities, this enables us to compute the HMM
state sequence most likely to have produced the speech signal, given the lexical and language model
constraints. An additional parameter used in the recognitionistheword transition probability, which
is usualy set by hand using a vaidation set. This parameter penalises (lowers the probability) of
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Figure3: A schematic of thetraining and recognition processes. At both training and recognition times,
the speech isprocessed by a front end (e.g. amel cepstral transform) that extracts a concise description
of the speech every frame (typically every 10 ms). When training, using alignments produced using
a previoudly trained recogniser (or bootstrapping on time-aligned labelled data, such asthe TIMIT
database), aMLP istrained to phonetically classify frames of data. At recognition timeatrained MLP
is used to estimate phone probabilities in a Viterbi dynamic programming search. This search uses
the constraints of allowed word pronunciations and the language model to produce the most probable

string of words (according to the mode!).
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word transitions, thus reducing the tendency to favour short words over longer ones.®

9. Thisisaresult of the observation independenceassumption, causing an under-estimate of the joint observation density
(Brown, 1987).
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Part VI
EXPERIMENTS

METHODS

Most of our experiments have been performed using the DARPA Resource Management (RM)
speaker independent continuous speech database, in collaboration with Mike Cohen and Horacio
Franco of SRI International. Thisis a very well studied database with a vocabulary of 991 words.
The standard training set contains 3990 sentences from 109 speakers, or about 1.5 million frames of
data. Evaluation is performed over various test sets, typically containing 300 sentences from 10-12
new speakers.

The difficulty of aspeech recognition task is strongly affected by the perplexity, which isessentially
the geometric mean of the number of words that can follow any other word. When no grammar is
used, the RM task has a perplexity of 991—any word can follow any other. With a simple word-
pair grammar listing allowable pairs of words, the perplexity is reduced to about 60. Note that the
perplexity of the deterministic source grammar used to generate sentencesfor the RM task was about
6.

The front end used in these experiments was a mel cepstral*° analysis, producing 12 coefficients,
plus energy for each 10ms frame of speech. In addition to these 13 coefficients, we estimate their
temporal derivatives, giving 26 coefficients per frame.

We chose the basi ¢ subword unit to be the phone. Each phone was represented as atwo or three state
left-to-right HMM. However the output pdfs were tied within each phone model. The pdfs were
estimated using a MLP with N outputs corresponding to N phones. This MLP, when trained as a
phonetic classifier, output class conditional posterior probabilities.

The networks trained to perform these estimations were typically large; in addition to the current
frame (26 inputs), 4 frames of left and right context were typically appended, giving atotal of 234
inputs. We usually used networks with about 1000 hidden units, and with 69 output classes, giving
atotal of over 300,000 weights. Training a network with this many weightsis not trivia.'! We have
used a cross-validation training procedure combined with stochastic gradient descent (per-pattern
update). Cross-validationtraining is essential for good generalization and preventing over-training,
especialy when using large networks. In our training schedule we cross-vaidate by withholding
a certain proportion of the training data (typicaly 5-10%) and using this to validate the training
after each epoch. When the classification performance on the validation set first fails to improve
by a certain amount (typically 0.5%) the gradient descent step-size is reduced, typicaly by afactor
of 2. After each succeeding epoch the step size is further reduced, until once again there is no
improvement on the validation set. Training is then halted.

10. The mel cepstrum is the Fourier transform of the logarithm of a mel spectrum. This spectrum, usually computed
using FFTs, is equivalent to an unequally spaced filter bank that approximatesthe "critical bands' of human hearing. The
cepstrum is usually truncated (higher order terms set to zero) to smooth the representation, essentially removing closely
spaced variations from the log spectrum.

11. Computation was doneusingthe RAP, aring array processor, that was configured with from four to twenty TM S320C30
DSPs. This provided matrix-vector operations that were 2 orders of magnitude faster than the Sparc 2 workstations
ordinarily used for program development. Training still took 1-2 days.
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Following the discussion in part 111, we have found empirically that the output biases of a trained
network may approximate the log odds of the priors (for a sigmoid transfer function) or the log
of the priors (for a softmax transfer function): certainly, they are all negatively valued. We have
found that training is speeded (by over 25%) and generalisation improved by initialising the output
biases to the log odds (or log) of the relative frequencies of the corresponding classes. Another
trai ningimprovement wasto use random (with replacement) pattern presentation. Thesetwo methods
together improved the speed of training by a factor of 2 (training time of 10 passes'? through the
training set reduced to 5) and also improved generalisation.

We integrated these probability estimates into SRI's system, DECIPHER (Cohen et al., 1990).
DECIPHER isamuch richer systemthan the previousbaseline systemswehaveused. It includesboth
multiple probabilistic word pronunciations, cross-word phonol ogical models, multiple densities per
phone, and context dependent phone modelling.™® The basic DECIPHER system usestied Gaussian
mixtures to estimate pdfs.

We initially worked with a context-independent form of DECIPHER; this was the complete DECI-
PHER system, except that the basic model s were 69 context-independent phone models, rather than
over 3000 context-dependent models. In thiswork we replaced the tied mixture pdfsby aMLP. We
also worked withthe full, context-dependent DECIPHER system; in this case the context dependent
tied mixture pdfs were augmented by the context independent MLP,

We used DECIPHER to initialiseour models. Our initial training targets were obtained by using the
tied mixture DECIPHER segmentation, and we retained the estimated transition probabilities.

ARCHITECTURES

Some experiments were performed, using the simple single pronunciation ICSI system, to assess
the affect of varying MLP architectures. In particular the effect of varying the hidden unit transfer
function from a sigmoid to a hyperbolic tangent was investigated, as was changing the output unit
transfer function from a softmax.

The single pronunciation ICSl system uses 69 phone HMMs, with a single pronunciation lexicon
(constructed by SRI, and obtai nablefromthe DARPA CD-ROM) using themost likely pronunciations
for each word. We use a single MLP pdf for each phone model, shared by &l states. The number of
statesin theseleft-to-right HMMsis equal to the average duration of the phonei (in frames) divided
by 2 (N; / 2), with al the transition probabilities set equal to 0.5. This gives a minimum duration of
N; / 2 frames and amost likely duration of N; frames for each phone.

Using the same network as in the DECIPHER experiments above, the basic single pronunciation
system returned a word error rate of 11.9% on the February 1991 test set. Changing to a softmax
output transfer function lowered the test error to 10.3%.'* Although the fact that a tanh(x) hidden
unit transfer functionis symmetric around O adds theoretical appeal, retraining the network with this
kind of transfer function resulted in an error of 10.8%.

12. Notethat when training with random pattern selection, training doesnot involve aseries of passesthrough the complete

training set. We regard a pass astraining on P randomly chosen patterns, when there are P patterns in the training set.
13. A context independentphone model, is onewhich modelsa phonein whatever contextit may occur. Context dependent

phone models, however, model phonesin specific phonetic contexts, to take account of the acoustic effect of context.
Thusthere may be several different models for a single phone, depending on the surrounding context.
14. Varying the word transition probability from 10~ to 10~° resulted in alower test error of 10.1%.
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Following the discussion earlier of priors and biases, an experiment was tried in which the relative
frequency estimate of network priors was replaced by the trained output biases, which were hoped
to give a smoothed approximation to the log priors in the case of softmax. Note that in the case of
random pattern presentation, the relative frequencies are not necessarily the correct acoustic data
phone priorsfor the network. It was hoped that the biases might represent abetter estimate. Thiswas
implemented, by taking the weighted sum of hidden unit outputs as a log likelihood estimate (no
addition of biases, equivalent to addition of log prior estimates) and no application of the softmax at
recognitiontime. However, when tested on anetwork with 512 tanh units (tanh was chosen following
the discussionin part I11), the word recognition error was increased from 11.9% to 16.4%.

RESULTS

Our principal experiments were performed using a network containing 234 inputs, 1000 sigmoid
(0,2) hidden units and 69 softmax outputs. Random (without replacement) pattern presentation was
used in the stochastic gradient descent training and the output biaseswere initialised to be the log of
the class relative frequencies. This MLP probability estimator was used inside the full DECIPHER
system. Training anetwork of around 300,000 weightsrequired around 5 passes through thetraining
database of 1.3 milliontraining patterns (200,000 patterns were held out for cross-validation). These
networks used sigmoidal transfer functions for hidden and output units.

To train a MLP we require a bootstrap model to produce time-aligned phonetic labels. In this case
we used a context-independent version of the DECIPHER system to perform the forced alignment
between the training data and word sequence.

The baseline DECIPHER system modelled the output distributions using tied Gaussian mixtures.
Training used the forward-backward algorithm to optimize a maximum likelihood criterion.

We used two setsof test sentencesfor evaluation. A 300 sentencedevel opment set (the June 1988 RM
speaker independent test set), separate from the network training cross-validation set, was used to
tunethe HMM recognition parameters, such astheword transition penalty. Theresultsreported here
were obtained from a 300 sentence evaluation test set (the February 1991 RM speaker independent
test sets); no tuning of parameters was performed using this set.

A context independent form of the DECIPHER system was used as a baseline. It was trained using
the maximum likelihood forward-backward procedure, and gave a word error of 11.0%, using the
RM word-pair grammar (perplexity 60). When the usual HMM output probability estimators were
replaced withaMLPtrained to classify itsinput acoustic vectorsinto 1 of 69 classes (and outputting
posterior probability estimates) the word recognition error improved to 6.2%. In alater experiment,
we further reduced the error to about 5% by re-aligning the data using the MLP for probability
estimation and then retraining the ML P with the new alignment.

In arelated experiment, the MLP probability estimates were smoothed together with probabilities
from the full context-dependent DECIPHER tied-mixture system. Thisreduced the error from 4.0%
to 3.3%, aresults that was slightly better than the best systems that had previously been evaluated
on this data set. These results are summarised in figure 4. The relationship between the number of
parameters and recognition performance is graphed in figure 5.
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Figure 4: Results using the February 1991 test set, using the perplexity 60 wordpair grammar. The
CI-HMM system isthe basdline, context independent DECIPHER system. The CI-MLP istheanalgous
hybrid system in which the tied mixture output probability estimator isreplaced by a MLP, estimating
probabilities for the same models. The CD-HMM is the full context-dependent DECIPHER system.
The MIX system isa simpleinterpolation between the CD-HMM and the CI-MLP. The previous best
result on thistest set was 3.6% reported by CM U.
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Figure 5: For the same systems as the previous figure, a plot of recognition error, versus number of
parameters. Notethat a ML P with the same number of parametersasthe CI-HMM (500 hidden units)
achieves about 8.0% recognition error.
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Part VII
CONCLUSION

In thisreport we have reviewed the basis of statistical (HMM) speech recognition methods, paying
attentionto the assumptionsembedded in standard techniques. I n particul ar, we have considered den-
sity estimation methods compared with discriminative methods. Using the result that feed-forward
networks may discriminatively estimate probabilities, we have constructed a connectionist HMM
speech recognition system. Experimentson the DARPA speaker independent Resource Management
task have demonstrated that these connectionist methods improved a state of the art HMM speech
recognition system. These results arise from weakening two underlying HMM assumptions:

. Model correctness—BY estimating only the class-conditional posterior probability, we have
not attempted to optimise an inappropriate model of the joint density. This discriminative
approach seems to be a better use of parameters for arecognition task.

. Observation independence—the acoustic context was increased by presenting a multi-frame
input to the network. Thus the probabilities estimated were conditioned on a sequence of data
vectors, rather than a singledatavector, weakening the observation i ndependence assumption.

Furthermore, we are finding the connectionist HMM framework a good one in which to explore
issues such as speaker adaptation, consistency modelling and context-dependent phone modelling.
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