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Abstract

From the theory of Bayesian pattern recognition it is well known that the maximum a
posteriori decision criterion yields a recogniser with the minimum probability of assigning
the incorrect label to a pattern, if the correct probability distributions are used. This
MAP criterion is also routinely employed in automatic speech recognition system. The
problem addressed in this thesis is the fact that in a continuous speech recognition task
the MAP criterion only guarantees to minimise the sentence error rate, but for many
application the by far more relevant error metric is the word error rate.

In the general framework of lattice rescoring an approach is investigated that tries to
directly use the word error metric in the objective function that is the basis of the decision
in the recogniser. An implementation of two variants of this approach is presented and
its performance is evaluated on two very different continuous speech corpora.

Closely related to this is the problem of replacing the a posteriori probabilities based
on whole sentences that are used in conventional decoders by posterior probabilities
on the word level. A new technique of estimating these word posteriors is presented
and applied with the aim of improving the decoding result and also providing accurate
confidence scores.
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1 Introduction

In the last two decades significant progress has been made in the field of automatic
speech recognition. The state of the art has progressed from simple speaker dependent
isolated speech recognisers to systems capable of recognising conversational dialogues
with vocabularies of over 50,000 words. For a long time speech recognition systems were
only designed as research platforms but the advances of the underlying technology now
make it possible to develop systems that solve specific real-world problems and can be
deployed as successful products. The most common examples of such products available
today are large vocabulary dictation systems and automated (telephone) dialogue sys-
tems (typically used for tasks such as timetable inquiries or booking cinema tickets). In
the near future it is to be expected that more ambitious products will be developed in
which speech recognition is only one component integrated in a complex natural language
processing system. Examples of this are speech-to-speech machine translation systems
which are already being designed and built for restricted domains in many research labs.

In the past speech recognition systems have usually been developed and optimised in
isolation, i.e. no special provisions were made to ensure that the recogniser was optimally
tuned for the actual task at hand. Different applications might very well impose different
requirements on the recogniser. Quite often these specific requirements are ignored and
the recogniser is just optimised with respect to some standard criterion.

The overall approach to the speech recognition problems has been largely unchanged
for a long time. Probabilistic models are trained to capture the variability of speech.
The actual recognition is performed by finding the word string that yields the maximum
a-posteriori probability given the trained models and the observed speech. This is a
straightforward approach as it is based on well understood principles of Bayesian pattern
recognition, where it indeed represents the optimal classification criterion. The problem
with the application of the MAP approach to speech recognition is that it is not optimal
with respect to minimising the number of word errors in the system output.

In this thesis some alternatives to the MAP decoding criterion are examined which
try to find a solution to the decoding problem that directly minimises the word error
rate. They rely on some form of word level criterion (instead of the sentence level MAP
measure). These techniques are closely related to a number of other research areas in the
field of speech recognition, such as keyword spotting and the estimation of confidence
scores.
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1 Introduction

In the following chapter a short overview of the statistical approach to speech recog-
nition is given with a special emphasis on treating speech recognition as an instance of
the more general class of pattern classification problems. The concept of a posteriori
probabilities at different levels (i.e. sentence or word level) is central to many improved
decoding methods and will be discussed in chapter 3. A method to estimate these pos-
terior probabilities at the word level from the output of a conventional MAP decoder is
presented. In addition the use of word posteriors as measures of confidence is illustrated.
In chapter 4 the approach of minimum word error rate decoding is described and possi-
ble implementations based on rescoring the output of a conventional MAP decoder are
discussed. The performance of this approach in comparison to the traditional decoding
is examined in chapter 5 where experimental recognition results on two different con-
tinuous speech corpora are presented. General conclusions are drawn in chapter 6 and
areas for further research are identified.
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2 Speech Recognition Basics

In this chapter some of the theoretical foundations of speech recognition in the gen-
eral framework of pattern classification are discussed. First an overview of the pattern
classification problem and the statistical approach to solving it is given. Then the spe-
cific algorithms employed the development of speech recognition system are described
with special emphasis on the actual recognition and the evaluation of the quality of the
recognition results.

2.1 Pattern Classification

The process of Pattern Classification is of fundamental importance to many of the prob-
lems tackled in the field of Artificial Intelligence research. A rich set of techniques has
been developed and applied to a variety of problems. In the following an overview of
the basic approach in statistical (Bayesian) pattern recognition is given.

It is assumed that each pattern belongs to exactly one class ω out of a (poten-
tially infinite) set of classes Ω = {ω1, ω2, . . . , ωc}. A pattern is characterised by a set
of measurements1 (called features). These features are combined to form a feature vec-
tor x = (x1, x2, . . . , xd). It should be noted that the correspondence between feature
vectors and classes need not be deterministic, i.e. different classes can result in the same
feature vector being observed. Therefore both x and ω are treated as random variables.

The process of pattern classification is achieved by a mapping from a feature vector to
the corresponding class. This mapping is encoded in a decision function g : Rd −→ Ω.
The objective in the development of a classifier is to find a decision function that is
optimal in the sense that the number of misclassifications is reduced to a minimum.

The misclassification rate is defined as the probability of assigning a feature vector
to the wrong class:

L(g) = P (g(x) 6= ω(x)) (2.1)

1The kind of measurements used depends on the nature of the application domain and the observed
patterns. They can be as diverse as gray scale intensities in an image processing context and stock
prices in a financial application
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2 Speech Recognition Basics

Due to the non-deterministic nature of the mapping between feature vectors and
classes there is actually a lower bound on the misclassification probability that can be
achieved. This bound is commonly called the Bayes Error (L∗) and the corresponding
decision function the Bayes Classifier (g∗).

To formalise these notions the process of pattern generation is viewed as a two-stage
stochastic process. In the first stage a class ωi is chosen (the associated probability dis-
tribution P (ω) is called the a-priori distribution). The second stage is the generation of
the actual pattern according to the distribution p(x|ωi) which depends on the previously
chosen class.

It is well known that the optimal classifier (i.e. the one with the smallest probability
of misclassification) is defined by (see e.g. [Duda and Hart, 1973]):

g∗(x) = argmax
i

P (ωi|x) (2.2)

This decision function picks the class ωi with the highest a-posteriori probability.
Therefore this decision criterion is also called Maximum A-Posteriori (MAP) criterion.
As these probabilities are generally unknown they are decomposed according to Bayes
Rule:

P (ωi|x) =
p(x|ωi)P (ωi)

p(x)
(2.3)

yielding:

g∗(x) = argmax
i

p(x|ωi)P (ωi)
p(x)

= argmax
i

p(x|ωi)P (ωi) (2.4)

where the probability of the observed feature vector p(x) is ignored as it is independent
of the class ωi and therefore does not have any influence on the decision.

In a statistical pattern classifier models of the the prior distribution p(ωi) and the
class dependent densities p(x|ωi) are estimated from a set of labelled training samples
χ = {(x1, ω1), . . . , (xN , ωN )}. The most common approach is to use the probabilities
from these models in place of the true probabilities in equation 2.4 (plug-in method).

2.2 Recognising Isolated Words

The general approach to pattern classification can be directly applied to automatic
speech recognition. Here the objective is to recognise the words spoken in an utterance.
The difficulty of a speech recognition task depends on various factors such as the size
of the vocabulary, the style of speech and the recording conditions. The following gives
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2.2 Recognising Isolated Words

a very brief overview of the statistical approach to speech recognition. For a more in-
depth description see [Rabiner and Juang, 1993] and [Schukat-Talamazzini, 1995] which
provides a good description of many more advanced techniques.

Historically the first speech recognition systems were designed to recognise words
one at a time, i.e. either the domain was restricted to single word utterances (yes/no
or single digits) or the words had to be spoken with a short pause in between them
to allow an automatic system to segment the utterance into words which were then
recognised separately (isolated speech). In this case the application of the Bayesian
pattern recognition approach is straightforward. The set of classes Ω to be recognised is
the vocabulary of the system and each class ωi corresponds to a different word.

The speech signal is converted into a feature representation by segmenting it into
short frames (typically around 20ms in length) whose spectral properties are encoded
in a low dimensional feature vector x (the most widely used representation are Mel
Frequency Cepstral Coefficients typically yielding 39 values per frame). This sequence
of features X = x1, . . . , xT is used as the input of the statistical model.

In this notation the MAP decision rule takes the following form:

ŵ = argmax
w∈V

p(X|w)P (w) (2.5)

where V is the vocabulary and ŵ is the recognition result picked by the classifier.
Using this rule ensures that the probability of misclassification (i.e. the expected

word error rate) is minimised. As the actual probabilities on the right hand side of
equation 2.5 are in general unknown they are approximated by estimates based on the
training corpus. The prior probabilities P (w) can relatively easily be derived from simple
frequency counts of the words in the corpus.

The probability densities p(X|w) are much more difficult to estimate robustly. To
make this estimation feasible at all, it is assumed that the distribution comes from a
family of distributions with a fixed set of parameters. The assumption most commonly
used is that the sequence of feature vectors is generated by a first order Markov process.
As the states of this underlying process cannot be observed directly this model is called
a Hidden Markov Model (HMM). Typically these models have a small number of states
(e.g. 15 per word) and only transitions to the following state and self-transitions are
allowed.

With each state of the model an output probability density function is associated that
captures the probability distribution of feature vectors produced in this state. Typically
mixture Gaussian distributions are used. This model is used to assign probabilities to
a given signal X. This is achieved by calculating the probability of the signal for each
possible path q ∈ QT (i.e. sequence of states) through the HMM and summing over all
these paths:
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2 Speech Recognition Basics

p(X|w) =
∑

q

p(X, q|w) (2.6)

By introducing the HMM assumption the problem of estimating the probabilities
in equation 2.5 is reduced to estimating a fixed number of parameters (the transition
probabilities and the parameters of the output densities, e.g. means and variances of the
normal distributions). These parameters are usually chosen so that the likelihood of the
training data given the model set is maximised (Maximum Likelihood Estimation).

This estimation problem can be solved efficiently by the Baum-Welch algorithm
(also called Forward-Backward algorithm) which is an instance of the class of iterative
Expectation Maximisation algorithms and is guaranteed to increase the likelihood of the
training data in each iteration (until convergence when the likelihood remains constant).

2.3 Continuous Speech

For many applications it is desirable (or even necessary) to be able to recognise normal
continuous speech (i.e. without artificial pauses between words). It is well known that it
is very hard to detect word boundaries in continuous speech (this is also true for human
listeners and becomes more obvious when one tries to mentally segment sentences in a
foreign language into words). For this reason it was necessary to develop techniques to
recognise words without relying on a prior segmentation.

The speech signal is typically only segmented at long periods of silence (corresponding
to for example sentence boundaries, hesitations or changes of speaker) yielding segments
of up to one minute in length (see for example [Woodland et al., 1998b]). These seg-
ments are called utterances or sentences (which is somewhat inaccurate as they do not
necessarily correspond to any kind of linguistically meaningful units) and are fed directly
into the recognition process.

Now the basic classes which have to be distinguished by the pattern classifier are
sequences of words (again often called sentences). It is a-priori not even known how
many words this sequence contains. Therefore the probabilities of all possible words
sequences over the vocabulary have to be considered. The MAP decision rule becomes:

Ŵ = argmax
W

p(X|W )P (W ) (2.7)

where W is a word sequence (W = w1, . . . , wn) and Ŵ is the recognition result.
The two unknown distributions are generally referred to as the acoustic model and

the language model respectively.
The requirement of recognising continuous speech is often coupled with an increased

vocabulary size. In this case it is usually no longer possible to train specific HMMs
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2.4 Decoding

for each word as the amount of training data is limited and many word occur only very
seldomly. Instead words are decomposed into subword units (typically phones) according
to a pronunciation dictionary and the parameters of these models are trained from the
data. Thus the data is used more effectively and even models for words that do not
occur in the training corpus at all can be synthesised by concatenating the HMMs of the
corresponding subword units.

The estimation of the language model is also far more complex than in the isolated
word case. Probabilities for all possible sequences of words in the vocabulary have to be
estimated. The probability P (W ) is factored as follows:

P (W ) = P (w1, . . . , wn) (2.8)

= P (w1)P (w2|w1)P (w3|w1w2) . . . P (wn|w1w2 . . . wn−1) (2.9)

These conditional probabilities can often still not be estimated robustly from a lim-
ited training set. Therefore it is convenient to assume that only a fixed number of
previous words have an influence on the probability of the current word (this is equiva-
lent to assuming that the underlying process is a Nth order Markov process):

P (wi|w1w2 . . . wi−1) ≈ P (wi|wi−N+1 . . . wi−1) (2.10)

The resulting model is called a N-gram language model. Various estimation proce-
dures and refinements are described in [Schukat-Talamazzini, 1995].

2.4 Decoding

The process of recognising the spoken words from the acoustic signal is often called
decoding in reference to the information-theoretic channel model of speech production
and recognition. The aim is to find the sequence of words spoken based on the feature
vector representation of the speech signal and the set of parameters defining the acoustic
and language model, which were optimised in the training phase.

The decoder tries to find the word sequence that is optimal according to an objective
function (also decoding function). If the MAP criterion discussed in section 2.1 is adopted
then the objective function is just p(W |X). As described in section 2.2 the calculation of
this probability involves a summation over all possible state sequences (paths) through
the HMMs corresponding to W . This would be computationally very expensive and
therefore a simplifying assumption is made:

p(X|W ) =
∑

q
p(X, q|W ) (2.11)

≈ max
q

p(X, q|W ) (2.12)
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2 Speech Recognition Basics

The assumption that the likelihood of the best path q̂ adequately approximates the
sum over all paths is known as the Viterbi approximation. This significantly simplifies the
decoding process as the problem can now be solved by just finding the best path through
the search network that is generated by connecting the word HMMs appropriately. This
path q̂ with the highest likelihood corresponds to a unique word sequence Ŵ . The
Viterbi approximation is often quite acceptable as the likelihood of the best path usually
indeed dominates the sum over all likelihoods.

An added complication is the fact that the two factors used in the likelihood cal-
culation have very different dynamic scales. If they are just multiplied as indicated
in equation 2.7 the decision for a word sequence would be dominated by the acoustic
likelihoods and the language model would have hardly any influence. To balance the
likelihoods it is customary to use an exponential weighting factor for the language model
(grammar scale γ). The difference in dynamic scales is mainly caused by the fact that
the acoustic likelihoods are severely underestimated as consecutive frames are assumed
to be independent in the estimation of the HMM output densities.

As the effect of this underestimation is much less severe at word boundaries the
decoder tends to select sentences consisting of many short words. This effect is compen-
sated by introducing the so called word insertion penalty ρ which is added at the end
of every hypothesised word. Incorporating these two extra factors the MAP decoding
function becomes:

f(W ) = p(X, q̂|W )P (W )γρ‖W ‖ (2.13)

A more detailed discussion of the grammar scale and word penalty factors can be
found in [Schukat-Talamazzini, 1995]. An advantage of these two factors is that they
can be incorporated in the search network as extra weights on the appropriate edges.

The task to find the optimal path through the search network can be solved in a
variety of different ways. A major decision in the design of the decoder is whether it
shall find the solution in a single pass or use multiple passes over the search space to
extract the best path. In the first pass of a multi-pass decoder relatively simple acoustic
and language models can be used to find the part of the search space that is likely
to contain the optimal path. This part of the search space is represented by a word
lattice (see the following section for details). In the following passes more detailed and
computationally more expensive models are used to find the final solution in the reduced
search space. Another degree of freedom in the decoder design is the way in which the
search space is traversed. The most common choices are time-synchronous and best-first
search. For an extended discussion of possible implementation of a Viterbi MAP decoder
see [Odell, 1995].
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2.5 Word Lattices

2.5 Word Lattices

Word Lattices are used as a compact representation of a large number of competing
hypotheses of the spoken word sequence. As such they are ideally suited to store in-
termediate results in a multi-pass decoding approach. By constraining the space of
permissible word sequences that are considered in the search, lattices can reduce the
computational costs of further processing steps drastically. On the other hand they also
limit the following decoding passes to those word hypotheses that are contained in the
lattice. Errors made in the initial lattice generation can therefore (in general) not be
recovered later on.

In addition to the use within a speech recognition system, lattices have also been used
at the interface between the speech recognition component and the syntactic/semantic
component in complex Natural Language Processing systems.

In the following word lattices are defined formally and the notation used in the rest
of this thesis is introduced.

A word lattices is a labelled directed acyclic graph and is defined by:

E the set of edges (links) in the graph

N the set of nodes in the graph

w : E −→ V the labelling function which assign an unique word from the vocabulary to
each edge

t : N −→ R+ assigns points in time to each node

s : E −→ N and f : E −→ N giving the start and final nodes of an edge

p : E −→ R assigns a probability/likelihood to each edge

The likelihood associated with each link is often further decomposed into components
calculated from the acoustic model pac(e) and the language model plm(e).

If advanced acoustic or language models (such as triphones or a trigram model) are
used then it has to be guaranteed that for each link in the lattice the context is unique to
the extent required by these models (e.g. previous n− 1 words and neighbouring phones
respectively). When applying more complex language models (for example applying a
4-gram to a trigram lattice) it becomes necessary to rebuild the lattice expanding the
context where appropriate. The result is a drastic duplication of links corresponding
to the same word and the same start and end times but slightly different acoustic or
language model likelihoods due to the different contexts.

The advantage of this representation is that many of the lattice search and rescoring
problems can be solved by more general graph search procedures without having to
explicitly refer to the original probabilistic models used to generate the lattice. This
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2 Speech Recognition Basics

approach is slightly different from the one presented in [Ortmanns et al., 1997, Wessel
et al., 1998] where word graphs do not contain the language model scores, thus yielding
more compact lattices but less straightforward rescoring algorithms.

2.6 Evaluation procedure

To asses the performance of a speech recognition system a suitable evaluation metric has
to be defined. This metric is also used in the development and optimisation process of
the system.

The evaluation is performed on a special set of utterances that have not been used in
the training of the acoustic and language models. Such unseen data is used because the
system normally performs much better on data that has also been used in the training
process thus the estimate of the performance would be overly optimistic.

A simple evaluation metric is the Sentence Error Rate (SER, also called string error
rate) which is calculated by comparing the hypothesis string generated by the decoder to
the reference string and scoring the whole sentence as wrong if they differ. This metric
is rather coarse as any deviation of the hypothesis from the reference is counted as one
error independent of how similar the two strings actually are.

The by far most commonly used metric is the Word Error Rate (WER), which, as
the name implies, measures the number of words that differ between the hypothesis
and the reference. Alas the calculation of this metric is not as trivial as for the SER
because the length of the hypothesis may differ from the reference. Therefore the WER
is defined relative to an alignment of the two word sequences. In the alignment four
different possible situations are distinguished:

correct The reference and hypothesis words are the same (or equivalent according to
some set of rules taking e.g. spelling variants into account)

substitution The reference word is aligned to a different hypothesis word.

insertion An extra word has been inserted in the hypothesis that can not be aligned to
a word in the reference.

deletion A word from the reference is missing completely.

The optimal alignment is found by a dynamic programming procedure that minimises
the Levenshtein distance (the weighted sum of insertion, deletion and substitution errors)
of the two word strings. The word error rate is then given as the number of errors divided
by the number of reference words. Due to an excessive number of insertion errors the
error rate can actually exceed 100%.

For most tasks the word based error metric is much more appropriate than the
sentence based one. For example in a dictation system the subjective quality of the
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2.6 Evaluation procedure

recognition depends on the number of words the user has to correct manually and not
the number of sentences in which the errors are located. Still there are applications were
the string error rate is the more relevant metric. An example of this is the recognition of
digit strings (typically telephone numbers or PINs). Here the misrecognition of even one
digit can be catastrophic and render the whole hypothesis string useless. The only way
to recover from an error is to repeat the whole string (this is typical in systems where
speech is the only input modality, such as voice-dialing applications).

It should be noted that even the word error rate is very coarse, as all word error are
treated as equally important. In many domains there are errors which are much more
grave than others. For example in a machine translation system missing one article in
a sentence is presumably relatively unimportant whereas misrecognising the main verb
will probably be fatal for the whole translation.

The metrics described above are only applicable to 1-best recognition hypotheses.
The evaluation of multiple hypotheses stored as N-best lists or lattices is more com-
plicated as an increase in the number of alternatives will usually improve the results.
Therefore this number of alternatives has to be taken into account. One evaluation
approach is to find the hypothesis with the smallest error rate among the alternatives
and takes its error rate as the measure of the quality of the lattice/N-best list of a given
size. The resulting metric is called oracle error rate as it is a lower bound on the error
that can only be achieved if one invariably picks the optimum alternative (hence the
name oracle). As a size metric of a lattice the number of links and nodes per word in
the reference can be used. To illustrate the performance of a recogniser the oracle word
error rate is plotted against the link density of the lattices produced by the decoder run
with different pruning thresholds.

More details about the evaluation of the quality of a word lattice can be found
in [Amtrup et al., 1997] where the disadvantages of different evaluation metrics are
discussed and an alternative application-specific lattice size metric (appropriate for a
NLP system) is presented.
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3 Posterior Probabilities

In this chapter the estimation and use of posterior probabilities in the context of contin-
uous speech recognition is discussed. The focus of this discussion is on using posterior
probabilities of words instead of whole sentences. First the discrepancy between the
word and sentence based metrics used in speech recognition is examined as a motivation
to study the use of word based posteriors in the decoding process. In section 3.2 the
concept of word level posterior probabilities is introduced informally and it is argued
that in the tasks of keyword spotting and confidence scoring approximations of such
posteriors can be employed. This is followed by a discussion of possible definitions of a
word level posterior probability.

A way to actually estimate posterior probabilities for units below the sentence level
from the output of a conventional decoder (i.e. a word lattice) is described in section 3.3.
Finally an approach to combine these score to generate word level posteriors that can
be used in a decoder is presented in section 3.4.

3.1 Sentence vs. Word Based Metrics

As mentioned in section 2.1 for the general pattern recognition problem the MAP cri-
terion yields the optimal (Bayes) classifier in the sense that the probability of an error
(wrong classification of a pattern) is minimised. This is obvious if the real posterior
distributions p(ωi|x) are used in the classifier (see [Fukunaga, 1990]). For most practical
problems these real distributions are not known and have to be estimated from a training
set. In [Nádas, 1985] it is shown that for the case of isolated word recognition the MAP
criterion is still optimal if the real posteriors are replaced by appropriately estimated
distributions.

The situation is different if the classification problem is to recognise a sequence of
words. For such a task the MAP criterion only guarantees a decoder which is theoreti-
cally optimal with respect to the probability of assigning an incorrect label to the whole
utterance (i.e. the sentence error rate). For many applications this is not an appropri-
ate error metric. As mentioned above in a dictation application the number of words
that are recognised incorrectly is far more relevant than the number of sentences that
contain errors (e.g. two sentences with one incorrectly recognised word each are much
easier to correct than one correct sentence and one with 5 incorrect words). For this
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3 Posterior Probabilities

reason large vocabulary speech recognition systems are usually assessed by their word
error rate instead of the sentence error rate.

Obviously the word and sentence error rates are correlated to some extent but this
correlations is rather weak especially if the overall performance of the system is poor.
In this case the sentence error rate is usually close to 100% anyway and changes in the
word error rate have hardly any influence on the sentence error rate. If on the other
hand the system’s performance is relatively good and most sentences contain either no
or only one or two errors, then the correlation is quite strong as additional word errors
tend to produces new sentence errors as well.

Another important factor is the length (in words) of an average sentence. In the
trivial case of one word sentences (effectively isolated word recognition) the word and
sentence error rate are obviously equivalent. If a corpus contains more longer sentences
then this correlation tends to become weaker.

To illustrate these points with concrete data, statistics from two continuous speech
corpora (in the following named hub4 and hub5) were collected (see chapter 5 for a
description of these corpora and the recognition system used).
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Figure 3.1: histogram of sentence length in the hub4 and hub5 corpora

In figure 3.1 histograms of the sentence lengths in words are shown for the two
corpora.1 It can be clearly seen that there are significant differences between the corpora.
For hub4 (which consists of recordings of business news broadcasts) the average length
of a sentence is 38 words, while for hub5 (spontaneous conversations over the telephone)
the mean is only 9. In addition the distributions are very different, as for the telephone
conversations a major part of the utterances consists of only one word (typically yes,
right or mhm). The distribution for the news recordings has a peak at around 10 words.

1It should be noted that here (and in the rest of the thesis) sentence refers to the segments of the audio
signal that are fed as a unit to the decoder. Depending on the corpus these segments typically also
contain (ungrammatical) fragments or multiple (linguistic) sentences.
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3.1 Sentence vs. Word Based Metrics

From this it is to be expected that due to the shorter utterances in hub5 the correlation
between the word and sentence error rates is much stronger.
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Figure 3.2: distribution of the number of word errors per sentence in the hub4 and hub5
corpora

The respective baseline recognition systems were run for both corpora and histograms
of the number of word errors per sentence were produced (see figure 3.2). The shapes of
the distributions look very similar for both sets, but it should be noted that the average
number of incorrectly recognised words per sentence on the news recordings is 8.4 while
it is only 4.1 on the telephone conversations despite the much higher overall word error
rate on the latter corpus (see table 3.3).

hub4 hub5
WER 17.4 43.0
SER 92.0 80.3

Figure 3.3: overall recognition performance for hub4 and hub5

The two test sets were randomly divided into small groups of sentences. For each such
group the sentence and word error rate was measured to get a feel for the correlation
between the two. The results are plotted in figure 3.4 (alas the number of sentences
available for the hub4 set was much smaller than for hub5). While hardly very conclusive,
these plots show that there is some correlation between the sentence and word error rates.
But as expected this correlation is far from perfect and therefore minimising the number
of sentence errors will not necessarily be optimal with respect to minimising the word
error rate

The discrepancy between the use of a sentence based measure (the posterior p(W |X))
in the decoder and the word based metric (WER) in the hypothesis evaluation suggests
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Figure 3.4: correlation of SER and WER

that using a more appropriate (word based) objective function in the decoder might
improve the performance of the recogniser.

3.2 Word-level Posterior Probabilities

The above discussion suggests that it might be useful to investigate a measure that is
more directly linked to the word error rate than the sentence posterior probabilities.
The most obvious candidate would be a posterior probability on the level of individual
words that directly indicates how likely it is that a particular words has been observed
in an longer sentence.

In this section two obvious applications related to speech recognition that can make
use of such a word level posterior probability are discussed to informally introduce the
idea.

3.2.1 Keyword Spotting

The use of a word level posterior in the context of large vocabulary speech recognition
was first suggested in [Weintraub, 1995] under the name of “LVCSR log-likelihood ratio
scores”. Weintraub describes the use of these scores in the framework of a keyword
spotting task where the aim is to reliably detect the presence of certain keywords in long
streams of audio recordings or in many smaller separate utterances.

Weintraub demonstrated that a well trained large vocabulary speech recognition sys-
tem (the specific system had a vocabulary of 5,000 entries) can be successfully employed
to improve keyword spotting performance compared to traditional systems.

Any normal speech recogniser can be adapted for this keyword spotting algorithm if
the recogniser vocabulary contains all the desired keywords. The log-likelihood score is
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3.2 Word-level Posterior Probabilities

defined as:

lk =

∑

W∈Wk
p(W |X)

∑

W p(W |X)
(3.1)

where Wk is the set of all word sequences that contain the keyword k. Thus the sum in
the numerator is the probability of all sentence level posteriors for sentences containing
the relevant keyword while the denominator is used to normalise this by the probability
of all possible word sequences. The sentence level posteriors are calculated in the usual
way as:

p(W |X) =
p(X|W )P (W )

p(X)
(3.2)

where the probabilities in the numerator are given by the acoustic and language model
respectively. Inserting this into equation 3.1 yields (cancelling the probability of the
observation sequence p(X)):

lk =

∑

W∈Wk
p(X|W )P (W )

∑

W p(X|W )P (W )
(3.3)

In [Weintraub, 1995] the sums in equation 3.3 are further simplified by summing
only over those word sequences which are found in an N-best list generated by the
Viterbi decoder. Only this simplification makes the computation of the sums feasible
but depending on the number of alternative hypotheses considered and the accuracy of
the recogniser this might introduce extra errors.

A major complication in the evaluation of the likelihood-ratio scores is the fact that
one keyword can appear at different (time) position in different N-best entries. To resolve
this problem the N-best word sequences were augmented with the time information of the
corresponding Viterbi segmentation. Two occurrences of the same keyword are treated
as separate keyword hypotheses if they do not overlap in time. In such cases a separate
likelihood-ratio score is calculated for each keyword hypothesis.

One advantage of this score over other keyword spotting approaches is that it takes
the prior probabilities encoded in the language model into account. This is a signif-
icant improvement over conventional keyword spotting system which commonly only
used acoustic information. Typically those systems use two different acoustic models:
one that models the characteristics of the keyword and one so-called background model
that is used for normalisation purposes. In Weintraub’s approach no explicit background
model is necessary but instead all the word/phone models of the large vocabulary speech
recognition system are used. If a sufficiently large vocabulary and large number of alter-
native N-best hypotheses is used, one might expect the normalisation (the denominator
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in equation 3.3) to work at least as reliably as the explicit background models in the
conventional approach.

The LVCSR technique tends to perform better than the simple two model approach
but depending on the application the increased overhead of training and running an
LVSCR system might be unacceptable.

3.2.2 Confidence Scores

A related task where word posterior probabilities are more directly applied is the esti-
mation of confidence scores.

As the output of a speech recogniser usually contains errors it can be interesting for
many applications to have additional information how “confident” the recogniser is in the
accuracy of the recognition result. This is typically encoded as a confidence score in the
range between 0.0 and 1.0. This score could be assigned at different levels (e.g. utterance,
word or phone level). Most commonly such scores are assigned at the word level to the
recognition results. If these scores accurately reflect the probability that a word has
been recognised correctly then they can be used in a wide variety of applications. For
example they could be used to reject parts of an utterances in a dialogue system that
were poorly recognised or detect out-of-vocabulary words. They could also be used to
decide which portions of an utterance should not be used in an unsupervised acoustic
adaptation scheme (e.g. MAP or MLLR).

Confidence scores are closely related to the problem of keyword spotting, as an robust
confidence estimator could also be utilised to identify the occurrence of the keywords.

A typical confidence scoring system consists of two separate stages (see e.g. [Cox and
Rose, 1996]). The first stage is the extraction of suitable features from the decoding
process or directly from the acoustic signal. These features are then combined to yield
the confidence score. For this combination various techniques have been successfully
used. Among them are simple Bayesian models, generalised linear models, decision trees
and neural networks.

A procedure to evaluate the quality of a confidence estimator was introduced in [Siu
et al., 1997]. The hypothesised word sequence is aligned with the reference transcription
(e.g. using the Levenshtein distance mentioned in section 2.6). Based on this alignment
each hypothesised word wi is labeled as either correct (ci = 1) or incorrect (ci = 0).
In [Weintraub et al., 1997] a minimum overlap of 50% between the hypothesis and the
reference word is used as an additional constraint before labelling words as correct. The
quality of a set of confidence scores qi is now captured in the following information
theoretic measure (normalised cross entropy, see [Siu et al., 1997] for details):

NCE =
H(C)−H(C|X)

H(C)
(3.4)
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where H(C) is the entropy of the sequence of tags ci and H(C|X) is the entropy of the
confidence scores qi (or rather in the information theoretic view the conditional entropy
of the confidence tags given the features used). Essentially the numerator measures
the additional information (in bits) provided by the confidence scores compared to the
baseline case of setting the confidence scores to the a-priori probability of correctness
(sum of substitutions and insertions divided by the number of recognised words). This
is normalised by the entropy of the priors to compensate for effects of the overall word
error rate of the recogniser.

Features typically used for the estimation of confidence scores include the (nor-
malised) likelihoods derived from the acoustic and language models and word dependent
measures such as the length in phones. Another feature that is often successfully used
is known under the name of “N-best homogeneity” and is actually very similar to the
likelihood-ratio discussed above in the context of keyword spotting (equation 3.3). The
only difference is that the decision which word instances are considered as equivalent is
not based on the time overlap but on a Levenshtein alignment of each N-best entry with
the recognition output (i.e. the 1-best entry).

It has been observed that the N-best homogeneity alone performs remarkably well
and that adding other features to the estimator does not improve the normalised cross
entropy much further.

3.2.3 Definition

The sentence posterior probability is straightforwardly defined as the probability of the
word sequence given the acoustic feature vectors: p(w1 . . . wn|X). By definition the
sentence hypothesis covers the whole series of feature vectors.

The situation for a word level posterior probability is more complicated as the bound-
aries of the word in question are not a-priori known. Depending on the application
different variants of a word posterior might be useful. The following lists some of these
variants and discusses their differences.

The simplest way to define a word posterior is to treat the start and end time as
additional random variables. This leads to posteriors of the form: p(w|ts, te, Xte

ts ). The
calculation of these values can be achieved relatively easily (see section 3.3) but as for
many applications the concrete start and end times are not relevant, it is desirable to
find a more general definition that does not involve the specific times.

An alternative is to consider the posterior probability, that a word spans a current
point in time. This could be easily calculated from the previous suggestion:

p(w|t,X) =
∑

ts≤t≤te

p(w|ts, te, X) (3.5)
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Possible applications of this time dependent word posterior will be discussed in sec-
tion 3.4

If the time information is not relevant at all then it is useful to define the word pos-
terior probabilities relative to a particular sentence hypothesis. This way it is possible
to define the posterior probability as the probability that a word in the hypothesis is
scored as correct when aligned to the word sequence actually spoken (i.e. the reference
transcription). This is the kind of posterior typically assumed for the purpose of confi-
dence scoring. Following [Siu et al., 1997] this could be defined as p(wi, ci = 1|X,W ),
where ci is the tag assigned to word wi by the scoring procedure (i.e. DP alignment with
Levenshtein metric and/or minimum time overlap between hypothesis and reference as
suggested in [Weintraub et al., 1997]).

3.3 Calculating Posterior Probabilities in Lattices

In this section an approach to estimating posterior probabilities in a speech recogniser
will be discussed. To make this estimation feasible it will be based on the information
present in a lattice produced by a conventional Viterbi MAP decoder.

In a word lattice each link is labelled with a word, the start and end times, and the
likelihood score calculated from the acoustic and language models:

p(wi, Xte
ts |w1 . . . wi−1, wi+1) = pac(Xte

ts |wi, wi−1, wi+1)
1
γ plm(wi|w1 . . . wi−1)ρ

1
γ (3.6)

The likelihood of a link is actually the joint probability of the word and the acoustic
observations in the time interval (ts, te) given all previous words and the following word.
The dependence on all the previous words is necessary as these form the “history” for the
language model probability. Because the acoustic model might incorporate cross-word
models (e.g. triphones) the following word has to be added as well.

To be able to have only one likelihood at each link, the lattice must have such a
structure that all the variables in the probability are defined uniquely. This is guaranteed
by generating separate nodes for each time depending on the word history. This would
actually lead to a tree structured lattice but when a N-gram language model is used,
paths can recombine if they both end in the same n− 1 word history.

It should be noted that in equation 3.6 the scaling of the acoustic and language
model is performed differently from the way that is customary in a Viterbi decoder.
Instead of scaling the language model down as usual, here the acoustic score is scaled
up and the word insertion penalty is adjusted accordingly. This is done because in
the following calculations sums of these scores will be calculated instead of just picking
the best score as in a Viterbi decoder. If these scores are added it is better to adjust
the dynamic range of the acoustic model to that of the language model which after all
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estimates “real” probabilities instead of probability density values and also does not
suffer as severly from the underestimation problem mentioned in section 2.4.

From these link likelihood scores posterior probabilities p(l|Xte
ts ) can be calculated

for each link l. This is achieved by an algorithm very similar to the forward-backward
algorithm used to train HMMs. For each node in the lattice two quantities are defined:
the forward probability α(n) and the backward probability β(n).

The forward probability α(n) represents the sum of the likelihoods of all paths from
the start node of the lattice to node n. This is not equivalent to the sum over all word
sequences preceding the node in question due to the fixed unique history constraint
described above. Analogously β(n) is a the sum over all paths to the end node.

More formally the forward probability can be defined recursively as the sum over the
likelihoods of all links ending in n multiplied by the forward probabilities of their start
nodes:

α(n) =
∑

l,e(l)=n

p(l)α(s(l)) (3.7)

This can be efficiently calculated by traversing the nodes in topological order (i.e.
never visiting the end node of a link before the corresponding start node) and prop-
agating the probabilities multiplied by the link likelihood forward along all outgoing
links. At each node the probabilities propagated along the incoming links are combined
by addition. The backward calculation can be performed by an analogous backwards
traversal of the lattices.

From these forward and backward probabilities the posterior probability of a link
can be defined:

p(l|X) =
α(s(l))p(l)β(e(l))

p(X)
(3.8)

The probability p(X) can be calculated as the sum of all the sentence posterior
probabilities:

p(X) =
∑

W

p(W , X) (3.9)

As it is infeasible to actually sum over all possible word sequences, this can be ap-
proximated by only considering the subset of paths that are contained in the lattice. This
sum over all paths is obviously equal to the forward probability of the end node α(ne)
and the backward probability of the start node β(ns).

This approximation is relatively good as the sum over all paths tends to be dominated
by a small proportion of all possible paths. Figure 3.5 shows a graph of the posterior
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probability against the size of a lattice (number of paths). This graph was produced
by successively pruning a lattice from the hub4 corpus and at each stage counting the
number of paths and calculating the forward probability of the final node. Both axes
in the graph are logarithmic, on the x-axis base 10 logarithms of the number of paths
through the lattice are used.2 On the y-axis the natural logarithm of the probability
estimated according to equation 3.9 is plotted. It should be noted that the utterance
from which the lattice was produced is one of the longest in the testset (ca. 30 seconds),
which explains the large number of paths (almost 4 · 1066). Despite the extremely large
numbers it can be clearly seen that the estimate of the posterior probabilities converges.
Therefore the approximation to restrict the summation in 3.9 to the high scoring paths
seems acceptable (e.g. the difference between the posterior estimated from 1045 paths
does not differ much from the one estimated based on 1066 paths).
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Figure 3.5: posterior probability estimate against lattice size

The probabilities estimated according to equation 3.8 can for example be directly
used to prune lattices down to smaller sizes while still retaining those parts of the lattices
that contain the “most probable” paths. This is an alternative to the normal best-path

2Here it is important to realise that the number of paths through a lattice is approximately exponential
in the number of links and nodes (which determines the size of the lattice when stored in memory or
on disk).
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pruning which only takes the highest scoring path through each link into account. See
section 5.2 for results based on an implementation of both pruning methods.

3.4 Time Dependent Word Posteriors

The link posterior probabilities described in the previous section are only of limited
direct use, as there usually are a large number of such links for every word hypothesis at
every point in time (due to the N-gram expansion explained above). Therefore these link
probabilities need to be combined to word probabilities. As explained in section 3.2.3
the easiest way to do this is by taking the start and end times of the hypothesis as extra
variables and adding the link probabilities:

p(w|ts, te, X) =
∑

{l|s(l)=ts,e(l)=te,w(l)=w}

p(l|X) (3.10)

The problem with these posteriors is that they are too specific, because they depend
on the exact boundary times. A solution to this is to calculate posterior probabilities
for each point in time in the utterance. Informally speaking these “instantaneous”
word posterior distributions capture which words the decoder considers likely at that
particular time.

The big advantage of this approach over a normal Viterbi score is that it does not
only take the best path into account but instead also encodes information about the
number and likelihoods of all alternatives (different segmentations of the same word
and different words). For these reasons these distributions can be expected to provide
additional valuable information for rescoring the hypotheses of a Viterbi MAP decoder.

The calculation from the link posteriors is simple:

p(w|t, X) =
∑

{l|s(l)≤t≤e(l),w(l)=w}

p(l|X) (3.11)

Here it should be noted that this summation over all link probabilities spanning
a particular time guarantees that p(w|t,X) is actually a probability distribution, i.e.
∑

w p(w|t,X) = 1.
This can be easily shown by considering the lattice in figure 3.6. As explained in

the previous section the link posteriors p(l|X) have been normalised by the utterance
probability p(X), which has been calculated as the sum over all paths through the
lattice. By summing over all links spanning a specific time all paths through the lattice
are included in the sum:
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∑

{l|s(l)≤t≤e(l)

p(l|X) = 1 (3.12)

As each link is labelled with exactly one of the words in the vocabulary it follows
that

∑

w∈V p(w|tX) = 1

t

ts
te

ns
ne

Figure 3.6: time dependent posterior

The time dependent word posteriors can be used as an extra likelihood factor in the
decoder. The conventional Viterbi score (see equation 2.13) is augmented by the product
of the word posteriors of the words in the path:

f(W ) = p(X, q̂|W )
1
γ P (W )ρ

‖W‖
γ

T
∏

t=0

p(w(q̂, t), t|X) (3.13)

where w(q̂, t) is the word corresponding to time t in the path q̂.
Experimental results of this rescoring technique will be presented in chapter 5.
The time dependent posterior probabilities can be seen as a generalisation of the

set of techniques that record the number of different hypotheses a 1-best MAP decoder
keeps active in each frame. Due to the beam pruning employed in the decoder this
number of active models varies significantly over the utterance. It has been observed
that especially at the beginning of words the number of active hypotheses with similar
scores is very high as the decoder is still “uncertain” about the identity of the word
and has to consider many alternative continuations. This number tends to decrease
significantly towards the end of words (see [Odell, 1995] for a discussion on how to
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exploit this for an improved pruning scheme). This measure has also been successfully
employed as a feature for confidence scoring (e.g. [Schaaf and Kemp, 1997]) and for the
detection of out-of-vocabulary words (a comprehensive discussion of this can be found
in [Fetter, 1997]).

The advantage of the time dependent word posteriors over the simple count of active
models is that it provides a weighted measure of the “certainty” of the decoder, i.e. the
actual likelihood values are utilised instead of just counting the number of hypotheses
above the pruning likelihood threshold. Another important advantage is that the word
posteriors incorporate information about the continuations of a hypothesis from the
current frame to the end of the utterance. The number of active models in a time-
synchronous MAP decoder can by definition only take the previous history of frames
into account. This is the difference between using just forward scores (as in the time-
synchronous decoder) and calculating estimates of the forward-backward probabilities
in a rescoring paradigm.

It should be noted that in [Wessel et al., 1998] similarly defined word posterior scores
are used as confidence scores of the words in the 1-best hypothesis string of a conventional
MAP decoder. Here for each link that is part of the MAP path the maximum of the
time dependent posteriors of the corresponding word is taken as the confidence score
for that word. The approach described in this section was developed independently and
can be seen as an extension in so far as the scores of all frames are combined and (more
importantly) used in a rescoring paradigm to actually define a new objective function
that leads to improved decoding results.
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As explained in section 3.1 using the MAP criterion in the decoder only results in
achieving the minimum sentence error rate. In this chapter an approach to deriving an
optimal decoding function from the desired error metric (WER) will be described.

The general approach (first presented in [Stolcke et al., 1997]) is explained in sec-
tion 4.1, followed by the discussion of two alternative ways of implementing it in sec-
tions 4.2 and 4.3 respectively.

4.1 Expected Word Error Rate

Given the fact that the evaluation criterion of our speech recogniser is the number of
word errors, it seems sensible to develop a decoder that uses this metric directly to find
the optimal word sequence. In the following the technique introduced in [Stolcke et al.,
1997] will be described.

The optimal decoder is the one that for each potential utterance (i.e. sequence of
acoustic observations XT

1 ) always returns the word sequence W with the lowest expected
word error rate:

E[WER(W )|X] =
∑

Wref

WER(W , Wref )P (Wref |X) (4.1)

where WER(A, B) is the word error rate of A if compared to the reference B (in
general WER(A, B) 6= WER(B,A) as the underlying Levenshtein distance can be
asymmetric).

It is important to note that the formulation in equation 4.1 is not in terms of a
set of acoustic observations with associated reference transcriptions. As mentioned in
section 2.1 there is no deterministic mapping from a given acoustic observation X to the
word sequence. One observation sequence can correspond to different word sequences.
Therefore we have to express the expected word error rate in terms the posterior prob-
ability P (Wref |X)1. At this point the posterior used is the true posterior (which is
obviously unknown) and not some estimate from a model.

1This is a useful formulation even if the mapping were deterministic (i.e. P (Wref (X)|X) = 1) as we
do not actually know the reference word sequence in this optimisation.
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The optimal decoder gopt is now trivial to state:

gopt(X) = argmin
W

E[WER(W )|X] (4.2)

In this formulation the word error rate could be replaced by any appropriate metric.
For example in [Goel and Byrne, 1999] several metrics based on the performance in
an Information Extraction task have been suggested. Instead of just measuring the
Levenshtein distance of the two strings, a more complex distance function is evaluated.
This might involve some fairly (computationally) expensive processing if for example the
complex information extraction backend needs to be run on the two word sequences. This
way the actual performance of the whole system can be used as an optimisation criterion
but this approach may be prohibitive for computational reasons. Therefore it is desirable
to find a simple metric that can be evaluated efficiently but still is highly correlated to
the actual desired task specific metric used to asses overall system performance. The
examination of such metrics is beyond the scope of this work and in the following only
the word error rate will be considered.

It is infeasible to directly use the new optimisation criterion in the form given above
as it involves a minimisation (in equation 4.2) and a summation (in equation 4.1) over all
possible word sequences. Two alternative approaches to restrict the set of word sequences
to be considered will be discussed in the two following sections. Another problem is that
the calculation of the expected word error rate involves a weighted average of word error
rates, where the weights are the (sentence) posterior probabilities. As these are unknown
they must be replaced by appropriate estimates based on the models available.

4.2 N-best List based Minimisation

In [Stolcke et al., 1997] an approach to approximating the optimal decision criterion is
presented which is based on N-best lists.

The idea is to train a speech recogniser in the normal Maximum Likelihood way and
then run a conventional Viterbi MAP decoder on the unknown utterance to produce a list
of the N-best scoring hypotheses. This N-best list is used as the basis for implementing
the optimal decoding approach. The new decoding objective function is only evaluated
for the word sequences contained in the N-best list. This rescoring approach is similar
to the multi-pass decoding described in 2.4 and suffers from the same problem, namely
the fact that the choice of the decoder is limited to the word sequences contained in the
N-best list.

To get an impression of how much of a limitation this actually is, a MAP decoder was
run on the hub4 testset (see section 5.1) and N-best lists of different sizes were produced.
For each of these N-best lists the oracle word error rate was determined. This error rate
is an upper bound on the performance of a N-best rescoring decoder. An additional
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experiment was run in which an oracle was used that extracted the worst hypotheses
(according to WER) from the list. This lower bound on the performance provides a
measure of the amount of variation in the N-best hypotheses. The results of these oracle
experiments are summarised in figure 4.1.2

oracle anti-oracle
N SER WER WER
1 92.0 19.8 19.8
5 87.5 17.6 22.7

10 85.3 16.9 23.9
15 84.9 16.4 24.5
20 84.5 16.1 25.0
25 83.7 15.9 25.3
50 81.7 15.2 26.5
75 80.6 14.9 27.2

100 80.1 14.6 27.7
150 79.8 14.3 28.2
200 79.4 14.0 28.7

Figure 4.1: oracle WER on hub4 N-best lists

It can be clearly seen that even a moderately sized N-best list provides ample room for
improvement (alas it is also possible to increase the error rate quite significantly). This
is illustrated in figure 4.2 where the oracle word error rates (best and worst respectively)
are plotted against the number of hypotheses in the N-best list. From this graph it is
obvious that the usefulness of N-best list is limited, i.e. until about 100 alternatives the
oracle WER falls rapidly but beyond that point the WER falls only very slowly in terms
of N .

In the implementation based on an N-best list the optimal decoder takes the following
form (see [Stolcke et al., 1997]):

ĝopt(X) = argmin
W∈Wn−best

E[WER(W )|X] (4.3)

= argmin
W∈Wn−best

n
∑

i=1

WER(W ,Wi)P (Wi|X) (4.4)

whereWn−best = W1, . . . , Wn is the set of the n best hypotheses from the MAP decoder.
2The word error rates given in this table were measured according to the HTK scoring convention as

explained in section 5.1.
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Figure 4.2: best and worst (oracle) WER in N-best lists for hub4

The minimisation and the weighted summation have been restricted to the N-best
lists, which still leaves the problem of estimating the posteriors P (Wi|X). These can
also be approximated by information from the N-best list, namely the scores produced
by the MAP decoder:

P (Wi|X) =
P (Wi, X)

∑

Wi∈Wn−best
P (Wi, X)

(4.5)

where the joint probability is calculated in the normal way by combining acoustic and
language model scores. As discussed in section 3.3 in this case it is important to scale
down the acoustic score to compensate for the effects of the independence assumption
in the parameter estimation. In all experiments the grammar scale γ that had been
previously optimised for the MAP decoder has been used:

P (Wi, X) = pac(X, q̂|Wi)
1
γ Plm(Wi)ρ

‖Wi‖
γ (4.6)

The optimisation in equation 4.3 is relative costly to perform since the computational
complexity rises withO(N2). This is due to the fact that in the minimisation an expected
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4.2 N-best List based Minimisation

WER is estimated for every one of the N alternatives. Each of these estimates involves
a summation over N posteriors and N Levenshtein alignments.

To asses the impact of the size of the N-best list on the estimate of E[WER(W )|X]
an experiment was run on a lattice from the hub4 corpus. N-best lists of different sizes
were produced and the expected word error rate of the 1-best hypothesis was separately
estimated based on each of these. The results are shown in figure 4.3. Each curve
corresponds to an estimate based on one of the N-best lists, e.g. the leftmost curve is
based on a 200-best list while the rightmost used 3000 alternative hypotheses. One curve
represents the partial sums over the posteriors in equation 4.4 with increasing i. The
fact that the leftmost curve (N = 200) rises much more sharply than the rightmost
(N = 3000) is due to denominator in equation 4.5, which obviously increases when a
larger N is used, which results in the horizontal scaling. The upper endpoints of the
curves correspond to the estimate of E[WER(W )|X] for the respective values of N .
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Figure 4.3: E[WER] based on different N-best list

The following conclusions can be drawn from this graph:

• For a fixed N the partial sum in the estimate of E[WER(W )|X] rises rather
sharply, indicating that the posteriors of the best hypotheses dominate the estimate
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4 Minimising Word Error Rate

• The “heights” of the endpoints of the different curves (i.e. the actual estimates for a
particular N) do not vary much. Even more importantly the difference in “height”
seems to decrease with increasing N . Increasing the number hypotheses considered
from 1000 to 3000 doesn’t seem to have a drastic influence on the estimate.

• The word error rate is underestimated quite severely. In this example the estimate
is 5% while the actual error rate when compared to the reference is 40%. This
discrepancy is not quite as severe for shorter utterances.

In all of the following experiments reported here only the top 1000 sentence hypothe-
ses generated by the MAP decoder were used as the basis for the posterior distribution.

Another simplification to speed up the rescoring (suggested in [Stolcke et al., 1997])
is to only consider part of the N-best list as potential candidates to become the result of
the rescoring. The idea is to only estimate E[WER(W )|X] for some of the top ranking
alternatives while still performing the sum over the posterior distribution based on a
larger N-best list. After this additional modification the decoding function becomes:

ĝopt(X) = argmin
W∈Wk−best

n
∑

i=1

WER(W ,Wi)P (Wi|X) (4.7)

where Wk−best = W1, . . . , Wk contains only the k top hypotheses with k � N .
This reduces the computational complexity to O(kN). In chapter 5 experimental results
based on this optimisation are presented.

In [Goel et al., 1998] it is suggested to add exponential weighting factors to the word
error rate and the sentence posterior in equation 4.7. The idea is to tune these factors on
a separate testset in the hope that this modification of the estimate will compensate for
the suboptimal posteriors. Some experiments with these extra weights were performed
and no consistent significant improvement could be achieved. Therefore the experiments
described in section 5.3.1 use equation 4.7 directly without any additional weights.

4.3 Confusion Networks

It would be desirable to perform the minimisation described in the previous section
directly on a word lattice instead of using an N-best list. Word lattices can compactly
represent far more different hypotheses than N-best lists. In general the number of paths
through a lattice is exponential in the number of links. These paths all corresponds
to different segmentation hypotheses (i.e. word sequence plus boundary times) of the
utterances. In a conventional N-best list only the best (i.e. highest scoring) segmentation
of each word sequence is represented. In the rescoring paradigm discussed here this
actually poses a problem as all the alternative segmentations of the word sequences
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4.3 Confusion Networks

contained in the N-best list are ignored. Therefore the posterior probabilities of all word
sequences will be severely underestimated and thus the estimate of the word error rate
will be skewed in an unpredictable way. This problem could be avoided by considering
all the (high scoring) competing segmentations of the best word sequences. This would
either drastically increase the size of the N-best list (and hence incur high costs in extra
computation) or if N is kept constant massively reduce the number of different word
hypotheses considered. Therefore an approach that avoids the explicit expansion into
N-best list but operates directly on the lattice is needed.

For a lattice rescoring algorithm to work effectively it is necessary to share compu-
tation by exploiting the structure of the lattice. Ideally an algorithm is able to reuse
the calculation required for all paths that share a common prefix (or suffix). Thus it is
possible to compute some measures only once for each node (or link) and then combine
these as necessary. A prototypical example is the forward-backward algorithm used in
section 3.3 to calculate link posteriors in a lattice.

The implementation of the decoding approach discussed in the previous section based
on a lattice is difficult for the following reasons:

• The WER has to be calculated between two complete word strings and can (in
general) not be decomposed into parts which can be shared between common
prefixes, i.e. the alignment in the prefix can change based on the continuations.

• The estimate of the expected word error rate is a sum over the product of the
WER and the posterior of the path. This sum can not be easily separated into
parts from which a common term can be factored out. This is due to the fact that
the product terms prevent factoring.

A method to overcome these problems has been suggested in [Mangu et al., 1999].
The word lattice is first transformed into a special form in which the calculation of
the expected word error rate becomes trivial. This special form of a lattice is called a
confusion network (an example is shown in figure 4.4). Each link is labelled with a word
and a probability (omitted in the example).

The most important feature of these lattices is that they are linear, in the sense that
every path from the start to the end node has to pass through all nodes. A consequence
of this (combined with the acyclicity) is that all paths between two nodes have the same
length. Thus the confusion network naturally defines an alignment for all pairs of paths
(called a “multiple alignment” by Mangu). This alignment is used as the basis for the
word error rate calculation. The “–” entries in the network correspond to deletions in
the alignment. It must be noted that this multiple alignment is suboptimal as it can
overestimate the word error rate of two paths compared to the exact pairwise alignment.
In practice this is not a significant problem.

To estimate the word error rate, sets Ci are defined that contain all the links that
connect the node ni with the next node. Thus each Ci contains the alternative hypotheses
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Figure 4.4: example confusion network

for the the word in position i in the final word string. The posteriors of the elements of
each set add to one.

The expected word error rate of a hypothesis W can be calculated as the sum of the
expected error rates for each set Ci (based on [Mangu et al., 1999]):

E[WER(w1, . . . , wn)|X, CN ] =
n

∑

i





∑

l∈Ci,w(l) 6=wi

p (l)



 (4.8)

Minimising this quantity is achieved trivially by picking the word with the highest
posterior from each set.

An approach to actually construct a confusion network from a word lattice is also
presented in [Mangu et al., 1999]. The task is treated as a clustering problem, where the
links from the original lattice have to be clustered into the sets Ci mentioned above. To
achieve a sensible clustering the algorithm is constrained to keep the precedence ordering
in the original lattice intact. If a link la precedes a link lb in the lattice (i.e. there is a
path from la to lb) then the cluster in which la ends up must also precede lb’s cluster.
Very informally speaking this ensures that the order of words stays the same, the lattice
is just “collapsed” along the vertical axis.

More formally this can be ensured by defining a precedence relation on the sets of
links. A set C1 precedes C2 if any of C1’s members precede any of C2 members in the
original lattice. By combining clusters additional precedences are introduced. Starting
from the partial order defined by the word lattice this is repeated until a total order of
the clusters is reached, which corresponds to a linear structure of the lattice.

The algorithm implemented based on [Mangu et al., 1999] consists of the following
steps:

1. calculation of all link posteriors as described in section 3.3
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2. calculation of p(w|ts, te, X) for all words (with associated times) found in the
lattice. These constitute the initial clusters.

3. combination of overlapping clusters corresponding to the same word. Clusters are
only considered for combination if they are not yet in (precedence) relation. As
one clustering step can prevent other candidate cluster pairs from being allowed to
combine, the candidate pairs are ordered according to their relative time overlap
weighted by the posterior probabilities.

4. combination of remaining overlapping cluster (with different words) until a total
order of the clusters is achieved. In this step the candidate pairs are ordered by
the average phonetic similarity3 of the words in the respective clusters weighted
by their posteriors:

dist(C1, C2) =
1

‖C1‖‖C2‖
∑

{(w1,w2)|w1∈C1,w2∈C2}

psim(w1, w2)p(w1)p(w2)

where psim(w1, w2) is the phonetic similarity measure of the canonical pronunciations
of the words w1 and w2.

After the above algorithm has run until no further clustering candidates are available,
the special deletion edges “–” are added. For each set Ci the sum of the posteriors is
calculated and the remaining probability mass is assigned to “–” so that the posteriors
sum to one. The reason why there is some probability mass available that has no been
assigned to any of the normal words is that due to the nature of the clustering some
links in the lattices are shifted (or rather squeezed) slightly forward or backward in time,
i.e. not all links that span a specific time t (in the sense discussed in section 3.4) have
to be assigned to the same cluster, some will be shifted to the previous or the following
cluster.

Experimental results of an implementation of this clustering algorithm are discussed
in 5.3.3.

An obvious shortcoming of the algorithm discussed here is the fact that it only aligns
complete words. From examining the output of a real speech recogniser it is obvious
that many of the errors are actually due to an incorrect (implicit) segmentation of the
signal. For example often long words are actually recognised as a sequence of two or
more shorter words that sound similar to the original word when concatenated. The
opposite effect (i.e. merging two reference words into one hypothesis) is also seen quite
frequently. By extending the clustering algorithm to take these phenomena into account

3based on a simple symmetric Levenshtein distance of their canonical pronunciations – this is an
extremely simple metric as the similarity of phones is not taken into account. An improvement
would be a phone based alignment that explicitly models the phonetic similarity of phones and the
probability that particular phones are elided
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the estimate of the expected word error rate could be improved. Hopefully the better
alignment would lead to a further improvement in the 1-best rescoring result.

An alternative application of the confusion network clustering is presented in [Mangu
and Brill, 1999], where the resulting network is used to prune the original word lattice.
This is achieved by first pruning the confusion network to the required size (number
of word sequences) and then intersecting it with the original lattice. Mangu reports
significant improvements (in terms of oracle WER for a fixed size) over the conventional
lattice pruning method.

The lattices generated by the clustering approach are also suited very well as a
data structure at the interface between a speech recognisers and the higher processing
components in a NLP system. The advantages for this application are that the confusion
network contains a large number of hypotheses in a very compact form. Due to the use
of posterior probabilities it is possible to provide the next processing step (e.g. Syntax)
with accurate likelihood scores of each hypothesis without having to create a huge lattice
with explicit time information and a duplication of links for language model purposes.
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5 Experimental Results

To validate the rescoring approaches described in the previous two chapters, their per-
formance was evaluated in the HTK continuous speech recognition system. The source
code of the implementation of the rescoring techniques can be found in the appendix.

5.1 Description of Corpora

All the experiments were performed on two different continuous speech corpora:

hub4 This corpus consists of recordings of American Broadcast News. The interesting
feature of this corpus is that it contains data from a wide variety of recording
situations and speaking styles. Typically each sentence is assigned to one of seven
focus conditions (see 5.1). Typically the recogniser accuracy depends strongly on
the focus condition.

F0 baseline broadcast speech
F1 spontaneous broadcast speech
F2 speech over telephone channels
F3 speech in the presence of background music
F4 speech under degraded acoustical conditions
F5 non-native speakers
FX all other speech

Figure 5.1: focus condition in Broadcast News

hub5 This corpus is a combination of the CallHome English and the Switchboard cor-
pora and contains recordings of conversation made over the telephone. Due to
the relatively bad recording conditions and the highly spontaneous nature of the
utterances, the word error rate on this data is usually very high.

For an overview of the recognition systems used see the the descriptions in [Woodland
et al., 1998a] and [Hain et al., 1999], respectively. For both corpora lattices were used
that have been generated by a gender-dependent, MLLR adapted triphone systems using
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a word based 4-gram language model smoothed with a class based trigram. The test sets
on which the performance was assessed were the sets used in the 1997 Hub4 Broadcast
News Evaluation and the 1998 Hub5 Switchboard Evaluation. The baseline 1-best error
rate of the lattices used for rescoring are summarised in table 5.2.

hub4 hub5
WER 17.4 43.0
SER 92.0 80.3

Figure 5.2: overall performance of the baseline system

Interestingly the sentence error rate of the hub4 corpus is slightly higher than for
hub5 while the word error rate is about 2.5 times lower. This is an effect of the different
length (in words) of the sentences (see the discussion in section 3.1 for more details).

In the following two different kinds of word error rate measurements will be used:

• The scores generated according to the official evaluation guidelines and transcrip-
tions from NIST have been measured for hub4 and hub5.

• For hub4 in addition to this, scores based on the HTK scoring program were
generated. The most important difference to the NIST scores is that the sentences
used in the HTK scoring alignment are the same as the ones used for decoding.
This guarantees that the quoted sentence error rate actually correspond to the
relevant sentences as opposed to some rather arbitrarily defined “turn”. The HTK
scores also do not include the elaborate mapping rules employed by NIST which
define what kind of errors can be ignored. Therefore the HTK word error rates
are always slightly higher than the corresponding NIST scores. For hub5 the NIST
sentence error rates are accurate as the fixed segmentation into turns was used in
the decoding.

5.2 Lattice Pruning

The first experiment run was based on the link posteriors estimated from the lattices
as discussed in section 3.3. This experiment was run as a test of the implementation to
verify that the estimated posteriors are sensible. The link posteriors were used to reduce
the size of the lattices.

The conventional approach to pruning lattices is to calculate for each link the score of
the best path passing through that link using a modified A*-search (see e.g. [Odell, 1995]
or for a comparison with beam pruning in the decoder [Sixtus and Ortmanns, 1999]).
When this score is more than a fixed threshold below the overall best path then the
link is pruned. This method can significantly reduce the lattice size without degrading
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5.2 Lattice Pruning

the oracle word error rate too much because it employs scores which take the whole
utterance into account.

The alternative pruning implemented here replaces these best-path scores by real
posterior probabilities, i.e. the sum over all paths to the start node of the link (and from
the end node, respectively).

The results of this experiment are summarised in the plot in figure 5.3, where the
oracle word accuracy is plotted against the link density at different levels of pruning.
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Figure 5.3: results of link posterior based lattice pruning on hub4

It can be seen that the posterior based pruning does not provide a significant dif-
ference from the conventional approach. This can be explained by the fact that for a
given time there is a large number of links corresponding to the same word hypothesis
(potentially with different boundary times). For the link posteriors these hypotheses
are treated completely independently. A combination of these link posteriors to word
posteriors as discussed in section 3.2 would probably improve these results.
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5.3 Decoding

In this section the results produced with implementations of the three approaches to an
optimised decoding strategy are examined.

5.3.1 N-best List Rescoring

The first set of decoding experiments used the N-best list based technique to minimise
the word error rate described in section 4.1. The implemented decoder used the following
decision function:

ĝopt(X) = argmin
W∈Wk−best

E[WER(Wi)|X,Wn−best] (5.1)

To get a feeling for the expected word error rates estimated by this technique, 1000-
best lists were generated from the hub4 lattices and E[WER(Wi)|X,Wn−best] was es-
timated for the first 100 hypothesis of some utterances. Plots of these values for two
example sentences are shown in figure 5.4.
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Figure 5.4: expected word error rate in N-best list

In the first utterance the 1-best hypothesis from the MAP decoder also has the lowest
expected word error rate. In the second example the hypothesis that was only ranked
seventh by the MAP decoder was optimal in the sense of equation 5.1. Overall the
situation depicted in the left example seemed to be more typical. The case that the
shape of the plot is relatively flat as in the right example was very rare.

Based on the relatively sharp rise in the word error rate as seen in the left example
it seemed justified to restrict the number of hypotheses for which to calculate the word
error to a small proportion of the N-best list, which provided the posterior estimates.
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For both corpora it proved sufficient to consider the first 25 hypotheses and use an
N-best list with 1000 entries for the posterior estimate (i.e. k = 25 and n = 1000 in
equation 5.1).

In figure 5.5 histograms can be found that show from which ranks in the MAP N-
best list the new optimal hypothesis was chosen. For each rank in the MAP N-best list
(x-axis) the number of sentences where it was optimal is plotted. Here the counts for
rank 1 (i.e. the E[WER] decision agrees with the MAP decoder) are omitted as they
are much larger than the counts of the other ranks combined and would thus distort the
scale of the graphs. In the hub4 corpus for 528 sentences the MAP 1-best hypothesis
was chosen (70%), for hub5 this was the case for 3138 sentences (72%).

0

10

20

30

40

50

60

70

80

0 5 10 15 20 25

co
un

t

�

rank in N-best list

hub4

0

50

100

150

200

250

300

350

400

450

500

0 5 10 15 20 25

co
un

t

�

rank in N-best list

hub5

Figure 5.5: rank of optimal hypothesis in MAP N-best list

From the recognition results given in table 5.6 it can be seen that the N-best rescoring
gives a small but consistent improvement over the standard MAP decoder on both
corpora. The shift from the sentence based objective function in the MAP decoder to a
word based objective function resulted in the expected decreased word error rate at the
cost of an increased sentence error rate.

hub4 hub5
WER(HTK) WER(NIST) SER WER SER

baseline 19.76 17.4 92.0 43.0 80.3
N-best 19.57 17.2 92.4 42.4 80.6

Figure 5.6: decoding results for N-best list rescoring

The amount of improvement found is roughly consistent with the results reported
in [Stolcke et al., 1997] for the hub5 corpus (Stolcke et al. reported slightly below 1%
relative WER reduction while we achieved just over 1%). Contrary to Stolcke’s findings
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we found that the technique is also efficient on a corpus that yields much lower overall
error rates. Presumably this is an effect of the high sentence lengths found in the hub4
corpus, which tend to increase the discrepancy between the sentence and word error
rates even if the overall performance is good.

5.3.2 Time Dependent Posteriors

In the next experiment the lattices were used to estimate link posteriors which were then
combined to time dependent word posteriors as described in section 3.4. These were used
as an additional likelihood factor in the objective function as indicated in equation 3.13.
Preliminary experiments on the hub4 corpus showed that the results were very stable
independent of the exponential weight used to integrate the posteriors into the objective
function. Therefore it was decided not to use any weight at all but just multiply the
MAP function directly with the posteriors.

hub4 hub5
WER(HTK) WER(NIST) SER WER SER

baseline 19.76 17.4 92.0 43.0 80.3
posterior 19.39 17.0 92.0 43.0 80.7

Figure 5.7: decoding results for rescoring with time dependent posteriors

As can be seen from table 5.7 this technique resulted in another improvement over
the N-best list rescoring described above on the hub4 corpus. Alas no significant im-
provement was achieved on the hub5 corpus. Table 5.8 shows the results (NIST WER)
for the different focus conditions in the Broadcast News corpus.

focus baseline posterior
F0 10.4 10.3
F1 17.1 16.5
F2 21.7 20.7
F3 28.4 28.1
F4 20.9 20.7
F5 24.4 23.9
FX 32.6 32.6
avg. 17.4 17.0

Figure 5.8: WER results for different focus conditions of hub4

The improvement is fairly consistent over all focus conditions and not restricted to
only the well recognised conditions such as prepared broadcast speech (F0). To transfer
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these improvements to the hub5 data it would presumably be necessary to introduce a
weighting factor for the posteriors and tune this factor on a separate development set
containing similar data.

5.3.3 Confusion Networks

The final set of decoding experiments was performed with an implementation of the
clustering algorithm described in section 4.3. For each utterance a confusion network
was produced from the word lattice and the best path was extracted from these networks.

As this techniques is in some sense a generalisation of the N-best list based word error
rate minimisation, it was expected to produce superior results. These improvements are
mainly due to the improved estimate of the posterior probabilities, which is now based
on all paths in the lattice instead of just the 1000 best.

hub4 hub5
WER(HTK) WER(NIST) SER WER SER

baseline 19.76 17.4 92.0 43.0 80.3
N-best 19.57 17.2 92.4 42.4 80.6
confnet 19.23 17.0 92.5 41.9 80.6

Figure 5.9: results of confusion network clustering

The confusion network based rescored indeed results in a further improvement over
the N-best list based rescoring (see table 5.9 for the details). A problem with this
approach is that due to the clustering of links it is no longer possible to exactly identify
the start and end times of the word hypotheses. This does not have an impact on the
word error rate measured with HTK, which aligns the hypothesis and reference word
string on the basis of sentences. The NIST scoring on the other hand concatenates
the sentences used in decoding and performs the alignment on larger chunks by taking
the time information into account. This difference in scoring protocols explains the
fact that the word error rate as measured by HTK is improved compared to the time
dependent posterior approach but the error rate measured by the NIST software remains
unchanged. Presumably the NIST word error rate could be improved by performing a
forced alignment of the utterance with the new word sequence to generate accurate word
boundary times.

The results of the confusion network clustering approach on the hub5 corpus were
also very consitent over different subsets of the corpus as shown in table 5.10.
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baseline confnet
female 44.6 43.6
male 40.2 38.8
Switchboard 40.6 39.1
Callhome 45.4 44.7

Figure 5.10: NIST WER results of confusion network clustering on hub5

5.3.4 Summary

The experiments described in the preceding three sections clearly demonstrate that a
word based decoding function can be successfully employed to improve the recognition
results in terms of the word error rate. The results are summarised in table 5.11.

hub4 hub5
WER(HTK) WER(NIST) SER WER SER

baseline 19.76 17.4 92.0 43.0 80.3
N-best 19.57 17.2 92.4 42.4 80.6
posterior 19.39 17.0 92.0 43.0 80.7
confnet 19.23 17.0 92.5 41.9 80.6

Figure 5.11: summar of decoding results

It is especially important to note that the techniques are effective on the two very
different corpora. The overall relative reduction of the word error rate achieved is 2.2%
and 2.6% respectively.

5.4 Confidence Scores

As mentioned in section 3.4 the time dependent posteriors can be interpreted as con-
fidence scores. The posteriors calculated in the decoding experiments where used to
generate word confidence scores for the corresponding word sequences.

For a given word in the final hypothesis of the decoder, the geometric mean of the
time dependent word posteriors over the duration of the word is used as the confidence
score. No further processing or normalisation of these scores was performed. The results
in terms of the Normalised Cross Entropy are given in table 5.12. The baseline results
quoted were produced by the full HTK evaluation systems (i.e. the result of combining
triphone and quinphone results, see [Woodland et al., 1998a]). In these systems the
scores were produced by mapping N-best homogeneity score with decision trees into the
range between zero and one.
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hub4 hub5
HTK baseline 0.179 0.182
posterior 0.302 0.106

Figure 5.12: normailsed cross entropy of confidence scores

The poor performance of the posterior scores on the hub5 task is consistent with
the lack of improvement in the corresponding rescoring experiment described in sec-
tion 5.3.2. On the hub4 task a significant improvement over the N-best homogeneity
based measures was achieved. This improvement is also illustrated by the DET-curves
of the two approaches on the hub4 corpus shown in figure 5.13.
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Figure 5.13: DET curves of the confidence scores for the hub4 testset

This curves visualise the tradeoff between the two kinds of errors which occur when
confidence scores are used to reject poorly recognised words. Depending on the threshold
chosen correct words are rejected (y-axis) or incorrect words are retained (x-axis). Fur-
ther detail about the use of DET curves in speech recognition can be found in [Martin
et al., 1997]. In general a better estimator of confidence scores results in a curve closer
to the lower left corner of the plot. The posterior based estimates clearly outperform
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the baseline system.
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6 Conclusions & Further Work

It has been argued that the maximum a posteriori criterion traditionally employed in
automatic speech recognition systems yields only suboptimal performance in terms of
the word error rate. While from a theoretical standpoint the MAP decoder is optimal
with respect to minimising the sentence error rate, it is not very well matched to the
word error rate metric which is much more appropriate for many tasks.

Based on the word lattices generated by a MAP decoder a rescoring approach was
implemented that aims to directly use the expected word error rate as the objective
function in the decoding. An implementation of this technique was evaluated on two
continuous speech corpora and achieved significantly better results than the conventional
decoder. The concept of time dependent posteriors was introduced and an approach to
their estimation presented. These posteriors were used successfully in lattice rescoring
and confidence annotation.

Obvious areas for further extensions of the approach described in this thesis include
the integration of the techniques developed in the fields of confidence scoring and key-
word spotting into the rescoring paradigm. Especially acoustic features that have been
successfully used for confidence annotation hold some promise as additional knowledge
sources that can be employed to improve the estimation of word posteriors and thus
lead to better decoding results. A somewhat related problem is tackled by the ROVER
program developed by NIST (see [Fiscus, 1997]) that tries to integrate the hypotheses
from a number of complete speech recognition system into one new hypothesis that is
superior to all the individual systems. This hypothesis combination could clearly profit
from reliable estimates of word posterior probabilities by the individual systems. These
could be used to combine not only the 1-best word strings of the systems but instead
essentially perform the combination on the basis of word (posterior) distributions to find
the optimal recognition hypothesis.

The general problem of designing a decoder which is tuned to the particular applica-
tion and situation it will be used in, is still largely unsolved. It seems clear that in the
coming years this problem will become even more relevant as new and more ambitious
applications of speech recognition become possible. As speech recognisers are integrated
into more and more complex dialogue systems it will become necessary to investigate
ways to optimise the decoder according to higher level metrics related to the overall
system performance. An example of a first step into this direction is the work on tuning
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a decoder for an Information Extraction task described in [Goel and Byrne, 1999].
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