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ABSTRACT

This paper describes a method for assessing the
likely accuracy of a speaker independent isolated
word recogniser on a new vocabulary, without
the use of field trials or database collections.

An algorithm is introduced which attempts to
predict vocabulary difficulty using a word
confusability measure. This is based on the
likely pronunciation of words, coupled with
information about likely phone confusions. The
power of this technique to predict recogniser
accuracy is tested through comparison with the
measured performance of an actual recogniser
on the ‘Macrophone’ telephony speech corpus [1].

1. INTRODUCTION

There has been recent interest in methods which
allow the accuracy of speech recognisers to be
assessed without having to collect databases of
utterances of the required vocabulary for testing
[21,[3]&[4]. The need arises when service
providers generate new vocabularies using sub-
word techniques and have few or no examples of
utterances of the words in question. Assessment
methods, based on recognition of words from a
database, or on field trials, may not be
appropriate due to the cost or time involved.
Most telephony applications have small easily
remembered vocabularies active at any one time.
If the accuracy of these vocabularies can be
predicted, or problem words identified, then this
gives the application designer the opportunity to
redesign the dialogue in advance of the launch of
a service.

Some researchers have used techniques which
reduce’ the amount of test data needed to
perform recogniser assessment. Steeneken [5]
manipulates speech in order to assess the
performance of a recogniser. Peckham [6] uses a
carefully controlled database which models
speaker variability to give an accurate
recogniser test with the minimum of data.
Moore’s ‘human equivalent noise ratio’ (HENR)
[7] allows prediction of the accuracy of a
recogniser on a new vocabulary given
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performance figures for a known vocabulary.

Here we focus on the prediction of recognition
accuracy of a given speech recognition system on
different vocabularies, without the necessity of
collecting any new speech data.

2. THEORY

In this paper, a measure of word confusability is
calculated for a given vocabulary and recogniser
using the following approach. The phone
confusions particular to the recogniser under
consideration are generated by automatically
transcribing many phonetically rich sentences
using an unconstrained phone grammar. The
resulting confusion matrix together with
transcriptions of the desired vocabulary are used
by the prediction algorithm to produce a score
(see Figure 1). This score should be correlated
with the measured accuracy of the particular
recogniser on the given vocabulary.
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Figure 1: Accuracy prediction based on word confusa-
bility
The algorithm is as follows:

A matrix C of the phone confusion probabilities
is generated:

Clps,pj) = P (rec (py) | utt(p;))
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where py are phone labels, i.e. the confusion
between two phones p; and p; is the probability
of recognising p; given an utterance of pj- The
confusion matrix is not necessarily symmetrical.
Insertion and deletion probabilities for each
phone ( D(py), I(pj) ) are also measured. We want
to estimate the word confusion probabilities:

Cwlwg,wy) = P(rec(w,) | utt(wy))

A set of phone transcriptions is produced for
each word w= {x; .. xN} where each x, is a
sequence of phones (p1 .. pr).

A dynamic programming algorithm is used to
produce a warp function F between two phone
transcriptions using the following algorithm
with appropriate boundary conditions.

F(r,s) =
F(r-1,5-D)*Clppps) +
F(r,s-1)*D(pg) +
F(r-1,5)*I(p,)

The confusion between two transcriptions,
C(x;,xj), is given by the full match score for
transcriptions.

The word confusability score, Cy(w,wy), is
estimated to be the maximum value of the
transcription confusions, C(xi,xj), over all x;, X
for each pair of words.

In order to estimate the recogniser accuracy the
word confusion matrix Cy is normalised, such
that

A
Vb Y Cylw,, wy) = 1

a=1

where A is the number of words in the
vocabulary. The leading diagonal of this
confusion matrix, Cy(w,,w,), gives an estimate
of the ‘confusability’ of a word with itself, i.e. the
accuracy for that word. The recogniser accuracy
for a particular task can be estimated as a linear
function of the weighted average of the accuracy
for each word where each word accuracy is
weighted by the a priori probability of that word
occurring.

This algorithm considers all the ways each of the
phone sequences in the vocabulary could be
generated by the recogniser, given an utterance
of a particular phone sequence. For example, if a
vocabulary contains the words ‘bit’ and ‘bat’ a
word substitution error could occur if the phone
4’ is substituted for the phone ‘a’, another less
likely cause could be if the phones ‘b’ ‘a’ ‘t’ are all
deleted and b 9 ‘4" are all inserted. The
algorithm takes into account all possibilities.
This contrasts with Roe’s [2] approach which
predicts all possible phone sequences a
recogniser could generate (without allowing
insertion errors) for each of two words and then
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calculates the overlap of the two resultant
networks.

3. DATA

All the speech data used in the experiments was
from the Macrophone telephony speech
corpus [1].

The phone confusion data was generated from
sentences in the development test set. The
recognition experiments were carried out using
the application specific words from the
development test set.

The data was paramaterised into cepstral based
feature vectors. HMM'’s were trained using the
sentence data from the training set as follows.
Phone transcriptions were generated by creating
a network of possible sequences for each
sentence, including alternative pronunciations,
where they existed in the lexica, and optional
noise/pauses between words. Each sentence was
then matched against the relevant network
using an existing telephony speech recogniser. A
set of 44 context independent models with 3
states, no skips, 12 mode mixtures and diagonal
covariance was trained using the resultant
phone sequences.

It should be noted that the purpose of these
experiments was not to produce the best possible
recognition accuracy, but to determine whether
accuracy for a new vocabulary can be estimated
given measured properties of a particular
vocabulary independent speech recogniser.

4. METHOD

A confusion matrix, including insertion and
deletion probabilities was trained as described
previously. The elements of the confusion matrix
were set to a threshold value if they were too
small, to avoid the problem of ‘undertraining’
which could mean that the prediction would not
allow certain confusions if they had not occurred
during training.

Fifty vocabularies of different sizes and
(subjective) difficulty were selected from the
application specific words in the database. For
each vocabulary, pronunciations were generated
using a rapid vocabulary generation tool which
looks up the words in a lexicon, and reverts to
text-to-speech rules if the word is not found. The
results from the recognition experiments were
then compared with the score calculated by the
confusion algorithm.

5. RESULTS

Figure 2 shows the results from the 50
recognition experiments. The results are
correlated (correlation coefficient 0.75) and the
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line shows the least square error fit.
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Figure 2: Confusion score against measured accuracy.

Figure 3 shows a graph of the recognition
accuracy against vocabulary size. It is quite
clear from this that careful selection of the words
in a vocabulary is vitally important, in these
tests the measured accuracy on a 10 word

vocabulary ranged from 68% to 99%.
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Figure 3: Vocabulary size against measured accuracy
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In order to determine the value of using this
method to predict accuracy, the results are
compared with prediction using various other
hypotheses. The first is the null hypothesis i.e.
not affected by the
vocabulary. The second is that accuracy is
linearly related to vocabulary size. The third is
that specific phone confusion probabilities are

accuracy

not important, and can be modelled by treating

s

chosen

each phone as equally confusable with all others
(excluding itself) i.e. using a stylised confusion
matrix. As a measure of the quality of the
standard deviation

predictions
prediction error is used.
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the

of the

Method for prediction o of prediction error
Constant Accuracy 7.3
Size of Vocabulary 6.5
Stylised Conﬁlsions 5.5
Phone Confusions 4.8

Table 1: Comparison of various methods for predicting
recogniser accuracy

6. CONCLUSION

These experiments have shown that a score
generated using the algorithm described is
correlated with the measured accuracy of a
speech recogniser. This method is not yet good
enough to predict the accuracy of a speech
recogniser as the 95% confidence interval of the
prediction would be £10%. However, this method
can be used to flag a warning to an application
designer if a low score is calculated for a
particular vocabulary. This tool would be a
useful addition to an automated vocabulary
generation system.

7. ACKNOWLEDGMENTS

The author would like to thank Mark Huckvale
of UCL for useful discussions and suggestions,
Stephen dJohnson and Frank Scahill for
providing software and Simon Ringland for
helpful advice and comments.

8. REFERENCES

[1] J. Bernstein, K. Taussig and J. Godfrey “Macro-
phone: an American English telephone speech cor-
pus for the Polyphone Project” - ICASSP 94

[2] D. B. Roe and M. D. Riley “Prediction of Word Con-
fusabilities for Speech Recognition” - ICSLP 94
pp227-230.

[3] L Fissore, “Automatic Generation Of Words
Toward Flexible Vocabulary Isolated Word Recog-
nition” ICSLP-94. pp2215-2218

(4] R. K. Moore, A. P. Buckland, H. J. M. Steeneken,
B. Lindberg “Initial report on Indirect Speech
Input Assessment” - SAM-A-DRA-003 1993

[5] H. J. M. Steeneken, “RAMOS - Recognizer Assess-
ment by Means of Manipulation of Speech Applied

to Connected Speech Recognition”. Proc
EUROSPEECH 91, Geneva Italy.

[6] J. Peckham and T. J. Thomas, “Recogniser Sensi-
tivity Analysis: A method for assessing the per-
formance of speech recognisers” - Speech
Communication 9, 317-328, 1990.

[7]1 R. K. Moore, “Evaluating Speech Recognisers”,
IEEE Trans on ASSP, Vol ASSP-25 No 2 April
1977.

1467



