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ABSTRACT

Utterance length is known to be an important factor in text-
independent speaker verification. Here, we examine the effect
of length on speaker separation for text-dependent verification.
When both test data and templates are continuous-word strings,
separation increases with length with apparent saturation at
about 2 seconds. Simulating a possible practical scenario using
continuous-word test data and templates formed by concate-
nating discrete words did not achieve useful separation for the
longest tokens, apparently because of word-boundary effects.
When test data and templates are discrete-word with match-
ing scores accumulated over the maximum length, however,
separation was good.

Keywords: Speaker verification, text-dependent verification,
utterance length.

1 INTRODUCTION

Attempts to verify a person’s identity using features extracted
from samples of their speech implicitly assume that there is
little or no overlap of statistical distributions of such features
between the individual and the rest of the population [1]. Many
studies of text-independent verification (e.g. [2]) have reported
that utterance length-is an important factor in determining the
degree of separation of the two distributions. We explore
here the effect that utterance length has on performance in the
case of text-dependent verification. Following [1] and [3],
our verifier employs dynamic time-warping matching of test
and reference utterances represented as sequences of cepstral
coefficients obtained from linear prediction analysis.

This paper is structured as follows. The details of the
speech data used and of the verifier employed are described
in Sections 2 and 3 respectively. Section 4 discusses the
means of assessing verification performance while section 5
describes our 4 experiments and theirresults. Finally, Section 6
concludes.

2 SPEECH DATA

Speech data for experiments 1 and 2 (see below) were
recorded from 10 young adults, 5 male and 5 female, in a quiet
laboratory. An anti-alias filter with 4 kHz cut-off was used
prior to sampling at a rate of 10 kHz and resolution of 16 bits.
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Each subject spoke the phrase (‘text’) ABCDEFG 20 times;
each utterance took no more than 3 seconds. Using the same
text for all subjects allowed us to designate any subject as a
genuine speaker and the other nine as impostors, although all
were speaking naturally. Utterances were then segmented (see
Section 5) to produce tokens of varying length. Additional
recordings were made by a subset of the original 10 speakers
to provide the data for experiments 3 and 4.

Each token was analysed in 25 ms non-overlapping frames
using the lattice method of 12th-order linear prediction analysis.
Each frame is then described by a vector of 12 cepstral coef-
ficients, obtained using the recursion described in [4]. Each
cepstral vector is then normalised by subftracting from each
vector the average vector for the whole utterance. The time
sequence of normalised vectors forms the input to the verifier.

3 VERIFIER OPERATION

The verifier is an un-optimised version based on the princi-
ples detailed in [1] and [3]. Itrelies on matching a test utterance
to reference patterns (‘templates’) using dynamic time-warping
(DTW) to produce a score, where 0 indicates a perfect match
and higher scores indicate progressive degrees of mis-match.
Except in experiment 4, a reference pattern for a given speaker
and utterance is actually based on 5 repetitions of that utterance
by that speaker. Each repetition is DTW-matched to every
other, and the utterance with the lowest accumulated score is
adjudged to be the centroid of the group. The other 4 utterances
are then time-aligned to the centroid and all 5 averaged to form
the template. None of the utterances used in the construction
of the template are ever used in testing.

4 ASSESSING PERFORMANCE

The performance metric traditionally used in speaker ver-
ification is the error rate. However, there are two possible
types of error: false acceptance and false rejection. A general
statement of the accuracy of a system must cover both cases
because it is possible to bias the decision towards minimisation
of one error at the expense of the other. Hence, the equal-error
rate is often quoted, where the probability of each type of error
is the same, but this implies the existence of some threshold
value of speaker scores. That is, an identity claim from an
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Figure 1: Typical distributions of genuire and impostor scores (solid
and broken lines, respectively).

individual is accepted (or rejected) if the verification score is
less than (or more than) the threshold.

Due to the inherent variability of individual voices, a sin-
gle, global threshold cannot be guaranteed optimal for every
speaker; instead, individual thresholds are needed. However,
the thresholds should themselves depend on the distribution of
scores produced by the matching procedure — such as those
shown in Figure 1 — and so cannot be set in advance. Also,
if total separation (non-overlap) of score distributions occurs,
the degree of separation cannot be conveyed by simply quoting
a zero error rate — yet two systems which avoid errors with a
limited test set may well not produce equal error rates in their
eventual application. For these reasons, we feel that setting of
thresholds and estimation of error rates is ill-advised, except
during the final stage of development of a verifier. Instead, we
focus on the separation and/or the overlap of score distributions
for the genuine speaker and the impostors. To help in this
assessment, we employ two figures of merit: a version of the
classical d' and our own ‘overlap’ function, F.

4.1 Usingd'

The d' measure from classical signal detection theory [5]
assumes the existence of two response distributions (signal and
signal-plus-noise, corresponding here to genuine and impostor)
which are Gaussian and equal variance. Then:

&= II“" — l‘m.'
g

where u, and u,,, are the means of the signal and signal-plus-
noise score distributions respectively, and o2 is the common
variance. In our case, the assumptions are invalid but d’
seems nonetheless to provide a reasonably consistent measure
of separation. We have modified the original to compensate for
the inequality of variances thus:

r — Himp = Bgen
4= s

where pimp and .., are the means of the impostorand genuine
distributions respectively, and S is the geometric mean of the
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standard deviations of the two distributions. Note that (unlike
the situation in signal detection theory) d' can be negative in
the (highly undesirable!) case that p2 ¢, > prip-

4.2 Overlap Function (F)

We have developed an alternative measure of verifier per-
formance based on the so-called ‘overlap® function, F. This
is an easily-computed, ad hoc figure which has a valid range
of [0, 1], although this is split into two equal sub-ranges to
cover the distinct cases of overlap and non-overlap, or (total)
separation. F is computed differently for each case (labelled
Fovertap aN4 Fron—overtap) but increases linearly with verifier
performance over the entire range. Fo, s1qp is inversely related
to the probability of an impostor’s utterance producing a score
that is within the range of the genuine speaker’s scores:

Fwerlap =0.5~ ifF, (1)
where f is the number of ‘failures’ in terms of an impostor
score being within the range of genuine scores while N; is
the number of impostor trials. In cases of non-overlapping
distributions, F expresses the separation between them as:

GEN,
an—wcrlap =1- ﬁ#‘ (2)
min

where GENp,o(> 0) is the maximum genuine score and
IM Pp,;, is the minimum impostor score. The factor of 2 in
equations 1 and 2 sets F to be 0.5 at the overlap/non-overlap
boundary.

5 EXPERIMENTS

To provide flexibility for testing our text-dependent verifier,
the same text was spoken by all the subjects in the first
two experiments. The phrase ABCDEFG was chosen for the
following reasons. The final verifier system would (ideally)
not use input any longer than this (about 3 seconds); the text is
familiar enough for the subjects to speak naturally; and it could
be segmented easily to produce tokens of varying length. (It
should be noted that an exactly linear measure of length was
sacrificed in order to preserve the continuity of natural speech,
by segmenting at word boundaries.)

5.1 Expt. 1: Forward Segmentation

To obtain progressively longer tokens, the first n letters
were extracted from the phrase, i.e. A, AB and so on, until the
full-length utterance was used. For each designated genuine
speaker and for each length of utterance, there were 15 self-
tests and 135 (15 x 9) impostor tests. The scores from these
tests were plotted as histograms for analysis of the genuine and
impostor distributions, as depicted in Figure 1.

Inspection of the histograms revealed a common pattern; the
genuine speaker’s distribution is narrower and has a lower mean
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Figure 2: Speaker separation (as measured by average d ') as a function

of the number of letters in the verification token. Error bars show the

range of d’ values.

than that of the impostor set. This is to be expected if the verifier
works correctly and the subjects in the database represent a
broad population. Also, judging by the area of overlap of
the the distributions, the performance of the verifier appeared
to improve as longer tokens were used. This observation is
confirmed by examination of both of the performance measures
defined in Section 4 above. Figure 2 shows a graph of d’
(averaged over all subjects) against the number of letters in
the verification token. The error bars in the graph indicate the
range of values over all the subjects. It was found that values
of d' above (approximately) 4 corresponded with complete
separation. Itcan be seen that the overall trend is for an increase
in d’ with length. There is some suggestion of saturation at
n = 5 letters (about 2 seconds of speech). Although the data
are not shown here, for some individuals only 2 letters were
needed to give complete separation.

5.2 Expt. 2: Reverse Segmentation

To test that the above result was not an artifact of the position
of specific words within the phrase (i.e. depended on content
rather than length), segmentation was also done starting from
the phrase end and producing progressively longer utterances
by including only the last n words. The results of this
experiment are similar to those for the forward segmentation:
viz. an overall trend of improved performance with increased
utterance length. Figure 3 shows the average d’ values for both
forward- and reverse-segmented utterances. For comparison,
Figure 4 shows the corresponding average values of the overlap
function F. The close agreement of results obtained with the
two different measures is evidence of the improving effect on
verifier performance of longer utterances.

The main difference between the results of this and experi-
ment 1 is that reverse segmentation produced a slightly better
one-word performance. One explanation might be that G is
a phonetically richer word (containing more speaker-specific
information) than A. Another possibility is that the first word in
aconnected-word utterance is not good for verification, perhaps
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Figure 3: Speaker separation (as measuredby average d ') as a function
of the number of words in the verification token, for both forward
(crosses) and reverse (boxes) segmented utterances.
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Figure 4: Speaker separation (as measured by average F') as a function
of the number of words in the verification token, for both forward
(crosses) and reverse (boxes) segmentation. The horizontal line at
F = 0.5 corresponds to zero error rate.

as an effect of a high initial outflow of breath. In any event, the
average performance using single-word tokens is poor.

5.3 Expt. 3: Concatenated Templates

'We envisage a practical application of speaker verification
working with the user prompted to enter short sequences of
connected words in random order. Matching in this case
would have to be against reference models for the individual
words in the phrase. Thus, the test data could consist of a
single, connected utterance but the reference data mightconsist
of concatenated templates for the individual words prompted.
Given the findings of experiments 1 and 2, it might be expected
that the verifier would perform poorly because it is merely
combining several single-word results, each of which is itself
poor.

To test this, a subset of 5 of the 10 speakers in the original
database provided additional recordings of 5 repetitions of the
isolated words A, B, etc., up to G. After manual endpoint
detection, the utterances were concatenated and combined as
described in section 3 above to form another reference template
of ABCDEFG for each subject. The new templates were tested
with the same data as in experiments 1 and 2. The results were
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Figure 5: Typical genuine and corresponding impostor distributions
produced in Experiment 3.

indeed very poor, none of them exhibiting any worthwhile
degree of separation of genuine speaker and impostors. A
typical pair of distributions is shown in Figure 5.

The distribution for the impostors was largely unaffected by
the use of the new, concatenated templates but the genuine dis-
tribution shifted considerably in the direction of much increased
average score. In effect, the genuine speaker was no longer
distinguishable from the impostors. As mentioned before, high
performance was not expected but the average values of d’ and
F were in fact lower than the single-word values in the previ-
ous experiments, suggesting other factors were at work. For
example, a time-lapse between the recordings of the reference
and test material is known to reduce performance [6, p. 498].
Also, from a separate experiment, we have discovered that the
verifier is sensitive to the presence (or absence) of inter-word
silence in the reference template if it is not duplicated in the
test token. In an attempt to exclude these effects, we devised a
fourth experiment.

5.4 Expt. 4: Discrete Utterances

For the previous experiment, the subjects had been recorded
5 times saying each of the discrete words A to G, and these
recordings formed (by concatenation) the reference data for
verification. The test data were the full-length utterances as
in experiments 1 and 2. In this experiment, the discrete-word
recordings provided both the test and reference tokens.

After manual end-point detection, the first of the 5 tokens
of each discrete word was taken as reference for that speaker.
Thus, for each word and each speaker, there were 4 genuine
and 20 impostor tests. The scores for these comparisons were
totalled for the 7 discrete words A to G, and d' and F values
calculated. Table 1 shows the resulting d’ values (the results
for F were essentially the same) and compares them with those
found in experiment 1.

The results in Table 1 show that separation attainable by
summing scores for discrete-word matches can at least equal
that obtained with continuous-word templates and test data.
This tends to confirm the interpretation of experiment 3 given
above, i.e. that word-boundary differences between test and
reference data can cause severe problems for verification.
Overall, the result is encouraging since it indicates that a
practical system which operates by prompting the user for a
number of discrete utterances in random order could work well.
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subject { Expt. 4 | Expt. 1
MR 12.05 8.11
JP 7.16 5.69
FS 5.64 6.38
AS 6.15 5.11
AF 5.95 8.56

[ average | 7.39 | 6.77 |

Table 1: d’ resulting from summing scores for discrete-word matches
(Expt. 4) and by matching continuous utterances (Expt. 1).

6 CONCLUSIONS

Utterance length has been shown to have an important
effect on speaker separation in text-dependent verification.
Using continuous-word test and reference data, we find an
increase in separation with length; there is some suggestion of
saturation at about 2 seconds duration. In a practical system,
it would be attractive to prompt the user for random-order
utterances from a small vocabulary. We were unsuccessful in
comparing continuous utterances with concatenated templates
in this setting. This is apparently because of the problem
that word-boundary effects pose to our verification technique.
Simply totalling scores for matches between discrete-word
reference and test data can, however, work well.
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