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1 . INTRODUCTION

1.1 Background
In a real acoustic environment, signals reaching the ears of a listener are usually mixtures of several sound
sources. In order to make sense of such complex auditory “scenes”. the perceptual system must analyse the
mixture to recover the constituent sources. This problem has come to be known as “Auditory Scene
Analysis" (ASA). [4]. In ASA. acoustic mixtures are thought to be decomposed into “elements” and groups
of these elements recombined to form auditory “streams”. on the basis of the likelihood of them having
arisen from the same source. There are numerous cues which have been shown to play a part in this process.
such as onset/offset synchrony. common AM. common spatial origin. etc. A particularly important factor is
fundamental frequency (f0). Harmonically related components tend to perceptually “fuse”. whereas
differences in ll) promote segregation. There have been numerous studies showing that listeners are better
able to identify two simultaneous speech sources if they have different 10's. This was shownfor confinuous
speech sentence material by Brokx and Nooteboom [6]. Also. a widely used technique for investigating this
phenomena. the double-vowel paradigm. was introduced by Schelfers [16]. A pair of steady-state. synthetic
vowels are presented simultaneously, with identical onset and ofi'set. at the same amplitude. to the same ear.
Subjects are required to identify both vowels. Performance is significantly above chance when the vowels
have the same it) and improves when a difference in fl) is introduced. improving rapidly up to about 1
semitone and asymptoting between 1 and 2 semitones. This finding has been used to suggest that listeners
use an til-guided segregation strategy in identifying two vowels that differ in ft) [16].[3].[11]. A number of
physiologically-motivated computational models of double-vowel identification have beenproposed in the
past, such as: (a) Assmann and Summerfield [3]. “nonlinear. place time" spectral pattern-matching model;
(b) Meddis and Hewitt [11]. autoconelationhased model; (c) Culling and Darwin [7]. model exploiting
waveform-interactions produced by low—frequency beating; (d) Meyer and Berthommier [12]. AM map
model; (e) de Cheveigne [8]. harmonic interference cancellation model; (0 Brown and Wang (5]. Neural
oscillator model. Models (h)-(f) have all been shown to demonstrate the pattern of increasing overall
percentage identification up to 1 semitone which humans display. although quite different schemes are
employed by most of them, A more discriminative measure of the models‘ performances is therefore
necessary.

12 Patterns of Confusion
One possibility is to investigate the pattern of confusions made by each model and compare this with human
listeners’ confusion data. This will enable us to distinguish between the models. not in terms of their ovelall
identification performance (which is not very informative). or in terms of their ability to reproduce the
pattern of improvement with Aft) (which many seem to achieve). but in terms of the particular mistakes
which they make and how closely this matches human behaviour. This paper reports the preliminary results
of a pilot study examining the extent to which the Meddis and Hewitt model can reproduce some human
confusion data. Section 2 outlines the structure of the model. section 3 describes the experimental procedure
used to obtain the human data. section 4 presents the results and initial comparison of human and model
data and section 5 contains a discussion of some pertinent methodological considerations and some of the
work planned to extend this study in the near future,
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2 THE MODEL

The processing stages of the Meddis and Hewitt model are illustrated schematically in fig.1 . They are:

l. A model of the auditory periphery (100 channel Gammamne filterbank and Meddis [IO] inner hair cell

models).

2. Correloyam (running autocorrelation function comptrth for each channel),

3. Dominant pitch estimation via a summary autocorrelation function (SACF), formed by summing the

channels of the correlogram. The pitch estimate is the frequency corresponding to the period of the

highest peak in the “pitch region" of the SACF. The pitch region is defined as the portion of the SACF

between45and 125 ms (80 tom Hz).

. Formation of two mutually exclusive subsets of channels, based on the dominant pitch estimate. This is

achieved by assigning each channel containing a peak at the pitch period estimate to one subset, and all

other channels tothe other subset.

. Formation of two “parti "SACF’ s by summation of each “partial” correlogram. These are then

truncated to “timbre regions”, defined as the portion of each SACF between 0.1 and 4.5 ms.

. Vowel identification using a template matching procedure (an inverse Euclidian distance measure)

applied to these timbre regions. The vowel templates are formed by averaging timbre regions for each

vowel at each m.
A criteria level (80%) is set, such that if this amount or more channels are found to have a peak at the

dominant pitch period, it is decided that one pitch is present. In the case of a single pitch being found, the

original SACF for all channels is used in the matching procedure. If the best template matching score is

more than a certain nmotmt (5x) greater than the second best, it is decided that only one vowel is present.

Figure 1: Model Schematic

Note that component vowels are characterised using information from one of two mutually mlm’ive subsets

of channels, identified on the basis of a single pitch estimate. The model appears to reproduce the human

performance observed for this task because the segregation of channels into two sets only becomes possible

as the pitches of the two vowels diverge, and the segregation becomes more reliable as the MD increases.

Also note that the timbre region template matching uses only periodicity information. The templates and

derived timbre regions do not necessarily show any pronounced peaks at periods corresponding to fonnants.
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3 EXPERIMENT

3.1Pretest

3.1.1 Stimuli, The purpose of the pretest was to verify that subjects could identify the individual synthetic
vowels used in the main experiment at a sulliciently high level of accuracy. The vowels used were the same
as those used in the doublevowel identification experiment conducted by Assmann and Summerlield [3],
and in the original modelling study ofMeddis and Hewitt ll 1]. They were exemplars of the five English
monophthongal vowels: 10/, Isl, Iil. (ul and lol. with fundamental frequencies of 100, 101.45, 102.93.
105.95. 112.75 and 125.99 Hz (corresponding to AtD's of 0, 0.25. 0.5, 1, 2 and 4 semitones). Each vowel

was presented at each ofthe 10's, giving 30 dill‘erent stimuli. A11 stimuli were equalised for rnrs level.

3.1.2 Subjects. Subjects were 1 female and 12 male volunteers. None reported having a hearing disorder.
They were either native English speakers (10) or of mixed nationality but fluent in English. which they
spoke on a day-today basis (3). Most had some experience of listening to synthesised sounds (11). and
some had extensive experience with the actual stimuli set (3). -

3.13 Method. The experiment was run by a MATLAB pmgramr Stimuli were presented over headphones.
Subjects responded by choosing one of the the response categories. Faeh stimuli was presented once only.
but subjects were allowed to practice listening to the 100 Hz f0 vowels. They were informed that they
needed to attain a criteria performance level before progressing to the main experiment, The entire stimulus
set was presented five times with a different random order each time. for a total of 150 trials. No feedback
was grven.

3.1.4 Results. Criteria performance level was 90%. Only 7 of the subjects achieved this. This is an
interesting result in itself and reflects the “unnaturalness” of these synthetic stimuli. Four of the subjects

who failed the pretest were native English speakers. The two who scored 100% were the two with the most

experience listening to this stimulus set. It would appear that training plays a significant part in the
identification of these stimuli.

32 Main Btperiment

32.1 Stimuli. Double-vowels were created by adding pairs of single vowels and equalising for nus level. In
each pair, one vowel always had an 11) of 100 Hz, otherwise every combination was generated. including

same-vowel pairs and reverse {0 orderpairs (ie. In] at 0 Aft) + 12/ at 0.5 semitones A10. and [0/ at 0.5

semitones A10 + Is! at 0 Am). giving a total of 150 different stimuli,

3.2.2 Subjects. The subjects were the 7 who passed the pretest. All were male: 6 were native English
speakers.

3.23 Method. The same program was used to run the experiment. but now the subjects were required to
make two responses. Stimuli were presented once only and no feedback was given. More practice was
allowed between pretest and the main experiment. Subjects were informed that they could choose the same
vowel twice, The entire stimulus set was presented four times with a different random order each time. for a
total of 600 trials
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4 RESULTS

4.1 Identification Performance
The overall performance of both subjects and model is plotted in fig. 2. As can be seen, the com-

monly reported finding is replicated. There are some differences in detail compared to the Assmann

and Summerfield [3], and the Meddis and Hewitt [1 1] data however. Average human performance

is lower here than reported by Assmann and Summerfield. This can most likely be attributed to

degree of training of the subjects. Also. the Meddis and Hewitt modelling study under-predicted

performance at zero DfO; these results are a closer match. This can be attributed to fine tuning of

the single/double vowel decision criteria.

1 oo Double-vowel Identifimtion Performance.

Figure 2: Double vowel
identification performance
for the computer model and
pooled subject data. Error
bars indicate one standard
error.
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4.2 Confusion Data
The confusion data is shown in fig. 3. Fig 3a shows the subject data and fig 3b shows the model data. Actual
identity of the vowel-pair is indicated down the left side, response category across the top. Scores are in
percentage of total observations. The confusion data for subjects and the model match qualitativer fairly
well overall. There are some significant discrepancies however. Firstly, performance of the model for same-

vowel pairs is consistently lower than human performance. Indeed, the model seems to find these stimuli the

most difficult to correctly identify, whereas humans find them amongst the easiest to identify. The largest
difference between human and model responses is a case of this and is highlighted in the figure. This is not
surprising however, considering how the model works. In the case of a 0 All) stimulus an arbitrary decision
criteria is employed in the model to distinguish same-vowel and different-vowel stimuli in M0 = 0

conditions. The behaviour of the model can be quite significantly influenced at 0 MO by altering this
parameter. Also, in Aft) > 0 conditions, two instances of the same vowel will have similarly shaped
excitation patterns, so that the channels they maximally excite will be similar. Therefore. it is likely that
when the channels associated with the dominant pitch are grouped together. little will be left of importance
for identifying the second vowel if it is the same as the first. Secondly, and more crucially, there are some
specific confusions in the human data which are not well reproduced by the model. The most significant of
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these difl‘erenoes are highlighted in the figure. Reasons for these discrepancies could be sought in terms of

the spectral composition of the double-vowelswhiclt is not well represented in the SACF timbre region.
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figure 3b: Confusion matrix for model, pooled across pitch conditions

43 Partitioning the Data by AID Condition and by Vowel-Pair
A problem arises when attempting to partition the data in order to make more detailed comparisons For

instance, the panem of confusions for listeners varies with Mo condition. In some cases, not only does
correct identification improve with increasing AfO. but themost common confusion shins from one category
to another, It would be interesting to make comparisons with themodel in this respect but the categorical

nature of the output of the model means insufficient data exists to make such comparisons meaningful.

The data was also partitioned by each individual vowel-pair. DiITerences between vowel-pairs are evident in
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Figure 4: Identification
performance for individual
vowel pairs. showing floor
and ceiling effects for
subjects. Eror bars
indicate one standard error

- a
u aBo
th

vo
we

ls
co

rr
ec

ti
'k

)

8
is

S

05 l 5 2 2.5 3.5 4.5
MD in Semitones

the subject data and some ofthis data is shown in fig. 4. Floor and ceiling effects can be seen to be playing a
part in the form of the overall results. Solutions to both ceiling effects and the lack of model data are

discussed in the next section.

5 DISCUSSION

5.1 Spectral and Timbre Region Representations.
A possible explanation of the particular confusions made by listeners can be formulated in terms of the
formant relatiohips among the vowels. Consider the f1 frequencies of the vowels: [u] = 650HZ. lt-‘J =

450Hz. Isl = 350Hz. (i/ = 250Hz. lul = ZSOI-Iz. Referring to fig, 3a;in the context of lol: 15/ is frequently

identified as lal, I0! is frequently identified as (u/. and lul is frequently identified as Iil. This corresponds to

shifting tlrcfl down by 1001!: in the first two cases, and. although there is no vowel with rtnfl lower than

250B]. to be reported in the third case. the incorrect vowel that is most commonly reported (Iii) has a much
higherfz. corresponding to an incme in[101 ratio. It would be useful to apply a stalistical test to establish

whether the1", relationships among the vowels predicts the pattern of confusions. This will he the first step in

extending this study. An explanation for the different confusion pattern of the Meddis and Hewitt model
may lie in the matching procedure. The hypothesis is that the lack of explicit formant frequency information
in the timbre region is responsible. This could be teaed empirically by comparison with a version of
the model using a different "spectral" matching procedure applied to spectra constructed from the partial
correlogrnms. using a technique which placed emphasis on spectral peaks and shoulders. such as WNZDM
[2]. Ifthe resulting confusion matrix was a closer match to the human data this would be strong evidence for

the hypothesis. A difficulty here however. is the fact that such spectra will contain large gaps. Spectral
templates with corresponding gaps could be used but such partial data may produce poor results. However.
it may be possible to exploit work on“missing data" techniques (cg. [13]).
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5.2 Lack of Model Data
A major problem at present is a lack of sufficient model data to allow comparisons involving partitioning
the data in any way, A solution to this would be to generate a larger number of observations using astimuli

set consisting of a number of allophones of each vowel. This would enable us to generate confusion data for
the model at different AfD‘s. allowing comparison with the human data. and also to generate more

meaningful individual vowelvpair data for the model.

53 Ceiling Effects
The ceiling effects observed in the subject data is caused by differential masking of vowels by other vowels.
i.e when two vowels have similar formant frequencies. corresponding harmonics in the (say) f1 region

which are not resolvad will be of similar magnitude and resulting double-vowel spectra may contain peaks
which do not correspond to harmonics or formants of either vowel, whereas two vowels with well separated
formants will be well represented in the composite spectra and hence more easily identified. A procedure for

dealing with ceiling effects in double-vowel identification tasks has been developed by deCheveigne [8].

This involves introducing a systematic amplitude imbalance to reduce ceiling performance for the non-

dominant vowel. Various studies have shown that one vowel is perceived as dominant and Virtually always
correctly identified. It is therefore the other vowel which gives rise to the improvement in performance [9].

but if this non-dominant vowel is poorly masked by the dominant vowel and hence well identified even at 0

All). the effect of increasing AID will be obscured, Reducing the amplitude of the dominant vowel in a pair

will therefore maximise the sensitivity to changes in f0. We intend to incorporate this method in future

studies.

54 Same-Vowel Stimuli and 0 M0 Conditions
The reasons behind the differing behaviour of model and listeners for same-vowel pairs are somewhat
distinct from the considerations discussed in section 5.1. A related point is that the model behaves
differently at 0 Am because it uses asingle complete oorrelogram for matching rather than two partial ones.

These factors are incidental to the issues we wish to investigate. and we intend to exclude same-vowel

stimuli and 0 Am conditions from future experiments. Phonetically identical vowel pairs and exactly
coincident fundamental frequencies are somewhat unlikely to occur in real acoustic environments in any

case.

55 Beah'ng Effects
A complication of the issue of doublevowel identification is that. with steady-stale synthetic vowel pairs.
the small constant differences between frequencies of unresolved corresponding harmonics results in
hearing which causes fluctuations in the spectral envelope of the composite stimulus. particularly in the f I

region. These fluctuations could be exploited by listeners. This is in contrast with the fD—guided segregation
strategy previously assumed to be responsible for the improvement in performance. This effect was
successfully modelled by Culling and Darwin [7]. Both the beating effect and the poor performance of
many subjects in the pretest, suggest a move towards more natural stimuli. There is much perceptually
important information in a natural vowel which is absent in these synthetic vowels. such as the dynamic
properties of vowels. Reliable, vowel-specific formant movement has been found. even for monophthongs
[l4], and this has been shown to be perceptually relevant [11.[15]. We intend to employ LPC analysis and

resynthesis to generate double-vowel stimuli. which will reduce the steady-state nature of the stimuli, in
that, although monotone fundamentals will produce constant harmonic frequencies, the relative amplitudes

of the harmonics will vary. making it more likely that at any one time. a harmonic from one voice will
dominate the neighbouring harmonic from the other voice. It may also be possible to generate vowel stimuli
with realistic f0 trajectories. either using a constant f0«offset between two vowels with the same f0

trajectory. or using the mean difference in ft) throughout the stimulus duration of two vowels on different
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najectories.

5.6 Other Models
The eventual goal of this investigation is to extend this comparison to other models of double-vowel
identification. A similarity measure for two confusion matrices could be calculated using a Euclidian
distance metric. This could be used to assess the degree of dmilarity between itinnan and model confusion
patterns, which could then be compared between models to determine which most closely mimic human

behaviour. Implications for theories of concurrent sound Segregation can then be considered.
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