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Abstract
We compare the performance of a Bayesian classifier
against humans in a same/different speech perception
task. The classifier is trained on different sizes of speech
segments to separate sounds into perceptually equiva-
lent and nonequivalent categories. We test the classifier
with pairs of speech sounds of various sizes and compare
its performance with perceptual listening tests on native
speakers of Southern British English as well as Greek na-
tive speakers who speak English as a second language.
We find that the performance of the classifier is compa-
rable to that of human subjects and that the largest-sized
speech segments produce the best performance overall.
We also find that an edge detector in the 60-800 Hz band
and an autocorrelation-based measure of voicing are very
important to the performance of the classifier.
Index Terms: phonological difference machine learning

1. Introduction
There is yet no complete answer of what determines
whether two sounds are perceptually equivalent or not.
This question is relevant to auditory speech perception
and to the development of speech models for applica-
tions. Many studies have attempted to shed some light
to the topic. Pitch perception has been associated with
frequency [8] [9], temporal intensity [11] as well as the
spectral structure of the sound [10]; loudness detection
[16, 18] and other psychophysical properties of speech
have been studied [13] with variable results. Measures of
perceptual difference have also been developed to evalu-
ate speech coders ([17, 15] and references therein).
In the current study we model speech with a spectral
acoustic description vector and build a Bayesian classifier
that is tuned to respond to perceptually relevant differ-
ences. Unlike most previous studies on auditory speech
perception, the stimuli we use are not phonemes, sylla-
bles or words. Instead we use small windows of speech
of different sizes randomly picked from a phonetically
rich speech corpus. After training, we test the classifier
by feeding it with pairs of sounds to determine whether
they are “matched” or “unmatched”. We then compare
its performance with perceptual decision tests of native

speakers of Southern British English as well as Greek na-
tive speakers that speak English as a second language.

2. Experimental methods
2.1. Producing the Stimuli

The stimulus production began with eleven native speak-
ers of the Southern British English dialect. Each sub-
ject read out a list of approximately 250 phonetically rich
sentences. Once segmented, an acoustic description vec-
tor (see §3.1) was computed for the audio at 5 ms inter-
vals. We chose pairs of utterances that were read from
the same text (93% were from different speakers), and
time-aligned the pairs using the dynamic time-warping
algorithm from [19]. From these time-aligned pairs, we
extracted 22088 pairs of speech samples; half were from
matched moments in the pair, and half were mis-matched
by at least 250 ms. The speech samples were 22, 45, or
100 ms long, and were extracted using a cos2 window to
eliminate clicks. The centers of the two sounds were sep-
arated by 0.3 s, 1.3 s, or 2.3 s of silence1. An example is
shown in the top panel of Figure 1.

2.2. Perceptual Tests

We used two groups of linguistically naive subjects. Ten
were native speakers of Standard Southern British En-
glish. Eight were native speakers of Modern Greek who
lived in Greece until at least adulthood, speak English
as a second language but have not lived in an English
speaking country for more than 6 years. (Qualitatively,
they are fluent in English but have noticeable accents.)
All were undergraduate and postgraduate students at Ox-
ford University. Subjects were seated at a computer in
a quiet room and wore a set of headphones; the experi-
menter spoke to each subject in their L1.

In the task, subjects were presented with pairs of
sounds by a computer program and were asked to indi-
cate whether they thought the sounds came from the same
part of the same word or if it was different by pressing a
button. Before the experiment started subjects were pre-
sented with 8 pairs of matched and unmatched sounds,
with correct answers provided, to familiarise them. A to-

1 We found that there was no statistically significant effect of the
length of the silence between pairs. Thus, we lumped the different si-
lence intervals together in the analysis.
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Figure 1: The top panel shows the audio signal for a stimulus. The bottom panel shows the audio description vectors as a
grey scale. Vectors run vertically with the spectrum components at the bottom and voicing estimates on top.

tal of 234 stimuli was presented to each subject, randomly
selected from a pool of 3456. Subjects reported that they
were confident that they had performed well.

3. Analysis
We compare a machine classification of the signals to two
groups of human judgements. The machine operates on
the signals that were presented to the human subjects as
described in (§2.1).

3.1. Acoustic Description Vector

Training the classifier begins by computing a feature vec-
tor. It is computed by feeding the speech signal into a fil-
ter bank spanning 60–6000 Hz with cochlear filters (taken
from [1]) spaced every 0.71 erb. The filtered outputs are
half-wave rectified. Then, the signal is divided by the the
iso-loudness contour of human hearing at 70 phons at the
filter’s center frequency. We define ρ(t, ω) to be the 2/3
power of the above. (This power law approximates the
perceptual loudness response.)

Then, we approximate the modulation transfer func-
tion of the human auditory system, by smoothing ρ(t, ω)
in the time domain with a single-pole causal low-pass
filter, whose time constant is from [2], yielding r(t, ω).
(This is analogous to the “perceptual spectrum” from
[6].)

To make the result independent of the recording sen-
sitivity, we normalise r and smooth to compute a normal-

ized perceptual spectrum:

R(t, ω) = κ1 × r(t, ω)/(κ2 × r̄(t) + α¯̄r), (1)

where r̄(t) is the average of r(t, ω) over all frequency
channels and thus proportional to the specific loudness.
Also, ¯̄r =

∑
t r̄(t)2/

∑
t r̄(t), which is approximately

proportional to the average loudness of the utterance [18].
Informal experiments on another data set led us to use
α = 0.75. The “×” operator means time-domain convo-
lution, and κ1 and κ2 are 15 ms wide boxcar functions.

The feature vector is composed of 47 components:

1. R(t, ω), as above (40 components).

2. A part designed to detect changes in the spectrum
(edge detectors). Here, we filter into four broad fre-
quency bands, set κ1 to differentiate on a time scale
of 60 ms and κ2 to smooth over a corresponding
window.

3. One component is a spectral entropy measure, in-
spired by [3], and computed from r(t, ω).

4. Two final components are indicators of voicing, in-
spired by [4]. Autocorrelations of ρ(t, ω) are com-
puted in each band, and the autocorrelation func-
tions from different frequency bands are combined.
The two voicing measures differently express the
magnitude of the combined autocorrelation.

This vector is computed at 5 ms intervals on all the speech
data files. Figure 1 shows an example.



3.2. Building the Classifier

A Bayesian classifier is built on the differences between
the feature vectors sampled 5 ms after the centers of the
two sounds. The classifier assumes that the differences
form a multivariate Gaussian distribution.

The classifier is trained to distinguish matched from
unmatched sounds. By matched, we mean “in the same
place in the same word”, as determined in §2.1. These
matched sounds will typically have the same phonologi-
cal neighbourhood and often the same phonetic transcrip-
tion. The training process finds the linear combinations of
the feature vectors that are most effective at distinguish-
ing the two classes. It suppresses linear combinations
that are relevant to inter-speaker or utterance-to-utterance
variability with the same text. The classifier thus makes
those distinctions that are relevant to human perception
of language.

The classifier assigns a difference to one or the other
class on the basis of Equation 2:

φ(~a,~b) = (~a−~b) ·M · (~a−~b)T − θ, (2)

~a and ~b are audio description vectors, M is a matrix, and
θ is a threshold that biases the classifier toward one class
or the other. M and θ are chosen to minimise the total
number of errors, which leads to nearly equal numbers
of false negative and false positive errors. If φ < 0, the
two samples are most likely to have come from matched
locations, and vice versa. This classifier is correct 69.6%
of the time, with an 0.4% standard deviation, as measured
from 28 random samples of a 25%/75% test-set/training-
set split. (Chance performance would be 50%.)

3.3. Human Performance

We analyse human performance with a Bayesian Markov
Chain Monte-Carlo analysis. This allows us to compute
error bars for d′ values in Signal Detection Theory (SDT)
[20]. In this approach, we assume that the probability a
subject will responds “S” is

P (S|d′, b) = Φ(d′ · c/2 + b), (3)

where d′ measures the response to the stimulus and b is
the group’s overall bias toward responding “S”. In Equa-
tion 3, Φ is the cumulative distribution function of a stan-
dard normal distribution and c = −1 or 1 depending on
whether the particular sample is matched or unmatched.
Bayes’ Theorem then lets us reverse Equation 3 to com-
pute a probability distribution for the parameters d′ and
b, given a set of observations. It is convenient to gen-
erate samples from this probability distribution by using
the Metropolis algorithm [21]. We can then simply take
the mean and standard deviation of d′ for each sample to
compute a confidence interval for d′.

Window Native speakers L2 speakers Machine
width

22 ms 1.06± 0.097 1.24± 0.09 0.92± 0.08
45 ms 0.96± 0.091 1.31± 0.10 1.19± 0.04
100 ms 1.60± 0.10 2.14± 0.11 1.34± 0.04

Table 1: D-prime values and standard errors for different
subject groups at different window sizes.

4. Results and Discussion
Figure 2 summarises the results. Computing d′ as de-
scribed in §3.2 and §3.3 gives Table 1. Human perfor-
mance increases dramatically between 45 ms and 100 ms
windows in both groups (P < 0.001, z ≥ 3.8), with a
reduction in false positive rate by roughly half. No sig-
nificant change is seen between 22 ms and 45 ms.

Machine performance is close to human performance
for the two shorter windows, giving d′ that is 80% of the
average human value for a 22 ms window, and 104% as
large for a 45 ms window. However, for the longer 100 ms
window, human performance is substantially and signif-
icantly better than the classifier (P < 0.025 for native
speakers, P < 0.001 for L2 speakers). This difference
suggests that the human perceptual system is generating a
richer representation of the sound in the longer windows,
whereas the classifier isn’t.

The L2 learners of English perform better at this task
than native speakers. This is unexpected, as the sounds
involved are British English. Unfortunately, the data are
not strictly comparable, as the experimental conditions
changed in mid-stream2. This difference in performance
might result if the native speakers used a different defini-
tion of similarity than the L2 learners.

Figure 3 shows the effect of deleting individual com-
ponents of the feature vector on the performance of the
classifier. The classifier is built and tested with all compo-
nents of the vector, then the process is repeated with the
component under consideration missing. The change in
performance is simply the average of the difference; more
important components will make the change more nega-
tive. If the distribution of feature vector differences were
multivariate normal, then the performance would always
decrease; however the actual probability distribution of
differences is longer-tailed and some projections of it are
closer to square than ellipsoidal, so increases in perfor-
mance upon deletion of a component are unsurprising.
Individual spectrum components have a relatively small
effect; that is because much of the information in each
component can be found in its neighbours. The most im-
portant individual components are low frequency edges

2 After the native speakers and one of the L2 speakers were studied,
an equipment failure caused the computer, the room, and the location of
the experimenter relative to the subject to be changed. However, none of
the changes provide an obvious explanation for the difference in results.
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Figure 2: Human and machine performance on the same/different task. Points labelled “B” are from British subjects,
“G” from Greek subjects, and “M” are results of machine classification. The horizontal axis is the false alarm rate, i.e.
how often subjects judge different sounds to be the same, and the vertical axis is the hit rate, i.e. how often subjects judge
equivalent sounds to be the same. The size of the letter shows the duration of the audio sample: smallest is for a 22 ms
sample, medium for 45 ms, and large for 100 ms long samples. One standard-deviation error bars are shown. Contours of
constant d′ are plotted.

(e1) and voicing (V2).

5. Conclusion
On a task of deciding whether or not two sounds come
from corresponding points in the same word, we have de-
veloped a classification algorithm whose performance is
comparable to that of human subjects. The algorithm uses
a feature vector based on a perceptual spectrum, but an
edge detector on the 60–800 Hz band is very important,
as is an autocorrelation-based measure of voicing.
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