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ABSTRACT

We report some results of modeling the categorization of a
three-formant synthetic vowel continuum by speakers of
English and of Finnish. We focus here on assessing the
relative merits of initial representations based on a
standard 3-dimensional formant-frequency space
compared to those based on  1) a 2-dimensional F1 by F2-
prime space,  and on 2)  Hermansky's PLP5. PLP is a 5-
dimensional representation of spectral shape that manifests
an integration of closely spaced formants in a manner
suggestive of F2-prime. Linear logistic models suggest
that PLP5 modestly outperforms 3 formants, which in turn
substantially outperforms F1 by F2-prime. However, if
quadratic rather than linear methods are allowed,  the 3
formant space provides a better account of listeners'
response patterns than do other models of comparable
complexity. This result is confirmed using modern model
selection techniques.

1. INTRODUCTION

Two of the most persistent issues in vowel perception are
1) whole-spectrum versus formant-like coding of stimulus
information and 2) presence or absence of large scale
integration (e.g., 3.5 Bark 'centers of gravity') of spectral
energy in the F2 to F4 range, resulting in phenomena
related to F2-prime. We are engaged in an ongoing study
of perceptual categorization of a large vowel continuum to
address aspects of these issues. Our modeling results so far
are consistent with a simple formant-based representation
that preserves F1, F2 and F3 related information as
separable quantities.

2. THE PERCEPTUAL EXPERIMENT

A synthetic vowel continuum of 972 stimuli was
constructed, spanning an F1 x F2 x F3 space satisfying the
following criteria: F1 ranged from 250 to 760 Hz in 10
steps, F2 from 750 to 2260 Hz in 15 steps and F3 from
1350 to 3080 Hz in 12 steps. Step sizes for all three
formants were all approximately equal to 0.5 Bark. All
combinations of these steps were generated subject to the
following constraints: adjacent formant separations (F3-F1
and F2-F1) must be at least 350 Hz and the sum of F1 +
F2 must not exceed 2650 Hz. Those constraints lead to a
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nable approximation of the feasible three-formant
e of a typical adult male. The vowels were
esized digitally at 10 Hz using the CSRE3 synthesis
are in cascade mode. Vowels were 230 ms in

ion with a linearly falling F0 contour from 125 to 100

onses were collected from 14 speakers of Canadian
ish at the University of Alberta and from 14 speakers
innish at the University of Turku. Using specially
ned software appropriate to each language, listeners
ted from an inventory of 10 vowels in English [i I e E
o U u ‘] or from an inventory of 8 vowels in Finnish
 O Q A o  u].

3. INITIAL MODELING RESULTS

first attempts at modeling fitted linear logistic
ssion equations to the pooled responses of each
ner group. We investigated four parametric
sentations of the stimulus space. 1) F123, a 3-
nsional formant frequency representation using the
nal formant targets used in synthesis [F1, F2, F3],
formed to Bark. 2) F1F2p, a 2-dimensional F1 by
rime space. 3) Hermansky's 5-dimensional PLP5 [2].
2, a simple two-dimensional formant representation
no information about F3. The formula of Bladon and
[3] was used to calculate F2-prime and subsequently

nd F2-prime were transformed to Bark. Hermansky's
eptual linear prediction' method calculates LPC
ral coefficients from an approximation of a Bark-
 scaled  amplitude spectrum. We calculated PLP5
 analysis of mid-vowel sections of the stimuli, using
mplementation of algorithms described in [2].
ansky emphasizes that this representation can encode
ore than two complex poles, resulting in a kind of

formant approximation of the spectrum that bears
 affinities to large-scale (3.5 Bark) integration bands
o F2-prime [2].

four stimulus representations were used in
tomous) linear logistic regression analyses of the

ed responses [4]. Two statistics will be reported
senting the overall goodness of fit of the models. G2
sents the likelihood ratio chi-square that is optimized
 fitting process and error rms represents the standard
ition of errors in percentage points.  In general, the



lower the scores, the better the fit of the model. Table 1
shows the results. Model size is the number of  parameters
used by the model. It is equal to the product (D +1) (V - 1),
where D is the number of dimensions of the stimulus
representation, and V is the number of vowels in the
language.

Model G2
Error
 (rms)

Model
 size D

 English
 1. F123 20151.9       5.93 40 3
 2. PLP5 16110.8      5.19 60 5
 3. F1F2p 46304.1 10.68 30 2
 4. F12 44297.0 10.63 30 2

 Finnish
 1. F123 8206.1 4.75 28 3
 2. PLP5 6462.56 4.08 42 5
 3. F1F2p 17127.9 8.10 21 2
 4. F12 14662.2 7.57 21 2

Table 1.  Summary of initial modeling in two languages.

Three points are worth noting in Table 1. First,  the 2-
dimensional F1F2p representation performs very similarly
(and actually slightly worse) than F1 and F2 alone.
Second, these two representations fare much worse than
the others. Error rms values for models 1 and 4 are at least
80% larger in English and about 60% larger in Finnish
than for models 2 and 3. Third, the larger the model, the
better the fit. The 5-dimensional PLP model fits slightly
better than the 3-dimensional F123 model. All other things
being equal, more free parameters generally lead to better
optimized fits, and we run the familiar risk of model
overfitting [ 6, 7].

4. MODEL COMPARISON USING AIC

A number of methods have been sugested for comparing
models 'more fairly' across model sizes. We will use two
main varieties here. The first is Akaike's information
criterion or AIC. It is defined as the log  likelihood of a
model plus (i.e. penalized by) two times the number of
fitted parameters. (We substitute G2 which differs from
other log-likelihood measures only by a constant which
depends on the data but not on the model). For individual
(but not pooled) data, it seems reasonable to assume that
responses to each stimulus follow multinomial
distributions. We adapt here methods based on work of
Maddox, Molis and Diehl [5] in comparing models via
AIC for models fitted to individual listeners' data.

The rows of Table 2 summarize the mean AIC (across 14
subjects per language) of 15 different models that were
investigated. The first four models are the same as those in
Table 1. (Others are discussed in section 5.) The ordering
for the AIC in Table 2 is similar to that of G2 in Table 1.
For both English and Finnish, PLP5 fits best, followed by
F123, while F1F2p and F12 models fit considerably less
well. The order of the goodness of fit is reversed between
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columns labeled 'Rank' show the mean rank of the
ls among all 15 tested. This was calculated by
ng all 15 models separately for each listener, then
lating the mean ranking for the model across
ers. In general the rankings were fairly stable across
ers, with average SD about 0.7 and the maximum SD
t 2.0. Not surprisingly, the relative ordering of the
 within the 15 models is the same for models 1 to 4.

English Finnish
el D AIC Rank AIC Rank
123 3 3265.52 13.0 1947.40 13.0
LP5 5 2975.84  9.4 1753.25  8.7
1F2p 2 5287.32 14.4 2794.89 14.9
12 2 5352.51 14.6 2503.23 14.1
F123 9 2358.33  1.0 1450.44  1.1
123S12 5 2759.46  6.0 1694.02  6.7
123S13 5 2931.38  8.4 1692.99  6.9
123S23 5 2863.55  7.4 1764.53  8.6
123S1 4 3025.87 10.4 1792.94  9.6
123S2 4 2977.83  9.5 1853.12 11.0
123S3 4 3168.94 11.9 1849.12 11.1
1]+[2] 8 2673.14  5.1 1627.78  5.4
5]-X13 8 2409.11  2.6 1486.56  2.8
5]-X23 8 2403.02  2.5 1470.82  2.1
5]-X12 8 2520.46  3.9 1547.65  3.9

Table 2. Comparison of 15 models on the AIC.

5. MODEL COMPARISON USING
CROSS-VALIDATION

ugh AIC is a 'fairer' criterion than raw G2, it is still
what biased toward the selection of larger models. [5,
n alternate approach to model selection is cross-

ation. The method adopted here is a 'leave-out-one
ct' cross-validation, referred to in [8] as round-robin
-validation. Within each language, for each of the 14
cts in turn, a model is trained on the 13 other
cts. The model parameters are used to provide
cted response probabilities for the subject who was
eld from training. The G2 measure reported in Table

the mean of the 14 cross-validated G2 measures for
 subject. The rank is calculated analogously to the
lation of the ranks of the AIC measure described in
n 4. (The ranks are not as stable as in the case of the

 The SDs of ranks average 2.4 for English and 2.6 for
sh.)

ining attention to the first four rows, we see that the
ng of the models is the same as for AIC. There are
key observations. First, F1F2p representation is not
good. Including F3 as a separate variable clearly
 predictions. Second,  PLP5 does not seem likely to
vantaged over F123 solely by its larger model size,
ng by either the AIC or cross-validation criterion. A
onary note is in order here, however. It is also known
leave-one-out cross-validation methods are biased
rd selecting larger models [6].



English Finnish
Model D G2 Rank G2 Rank
 1. F123 3 6954.31 10.9 3849.99 10.9
 2. PLP5 5 6737.37  9.8 3722.61  6.7
 3. F1F2p 2 8415.36 14.0 4477.77 14.5
 4. F12 2 8582.51 14.7 4277.53 14.3
 5. QF123 9 6434.78  2.8 3693.27  3.4
 6. F123S12 5 6599.64  6.7 3796.85  8.6
 7. F123S13 5 6741.43  8.7 3779.24  7.3
 8. F123S23 5 6716.86  7.2 3762.99  7.2
 9. F123S1 4 6750.80  9.4 3824.85  9.5
10. F123S2 4 6744.31  7.9 3812.72 10.5
11. F123S3 4 6942.89 10.4 3804.43  9.0
12. [1]+[2] 8 6549.23  5.6 3706.42  5.1
13. [5]-X13 8 6462.88  3.6 3686.18  3.7
14. [5]-X23 8 6444.59  3.4 3692.38  4.0
15. [5]-X12 8 6954.31 10.9 3735.88  5.4

Table 3. Leave-out-one-subject  cross-validation results.

6. NONLINEAR MODELS IN F1 F2 F3 SPACE

Granting that PLP5 is better than F123, the question
arises why this might be so. It is true that PLP5 can
model only two complex poles (so at most two formant-
like peak frequencies could be derived). However,
PLP5 coefficients are 5-dimensional, not 2-
dimensional. If we project PLP5 onto a 3-dimensional
subspace consisting of the largest three principal
components of the covariance matrix of the stimuli, we
find that the results are not as good as for three
formants. For the reduced-space PLP analysis, English
G2 is 23125.9 (rms 6.90) compared to 20151.9 in Table
1. for the F123 analysis.. For Finnish, G2 is 9961.43
(rms = 5.71), compared to 8206.1 for F123.

Furthermore, reasonably good approximations to the
first three formants may be obtained from cepstral
coefficients derived from standard LPC analysis [9].
Regression analysis based of the current stimuli reveal
that linear functions of the PLP5 coefficients predict
Bark-scaled formants very accurately. (R2 values of .99,
.95 and .90 respectively for predictions of  F1, F2 and
F3.) Thus, there exists a 3-dimensional linear subspace
of the 5-dimensional PLP representation that is very
good approximation of the F123 space.

Since spectra of the original stimuli are functions of the
3 formant control parameters used to generate the
stimuli, PLP is actually a 5-dimensional nonlinear
expansion of the 3-dimensional control space.
Nonlinearities arise both in the conversion of formant
frequencies to a waveform and in the subsequent
operations described in [2] for calculating PLP5
coefficients.

Such a nonlinear expansion can be viewed from the
perspective of artificial neural networks. One way of
understanding the operation of the popular multilayer
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eptron is to view its output layer as a linear
ifier that sits atop hidden layers which serve
rate a series of (typically) nonlinear functions of
nput variables. The linear partition of the (typically
er-dimensional) transformed space projects to non-
r boundaries of the original space.  Rather than
ing hidden layers, Pao [10] advocates the use of
ional link nets. These are single-layer perceptrons,
hich stimulus representations have been enriched

 explicit pre-defined nonlinear functions of the
nal stimulus space.  Linear logistic regression
ed to PLP5 would qualify as functional link net
ed to the 3-formant control space.

nately,  we can supplement F123 representation with
ratic functions of the original stimul, i.e. with squares
ross products of the formant measures. A complete

ratic expansion of the formant space leads to 9
lus terms, 3 original formants plus 3 squared

ants plus three pairwise cross products, F1 x F2, F2 x
nd F1 x F3. This 9-dimensional representation is
n as QF123 ( model 5) in Tables 2 and 3. We see that
rforms substantially better than any other of the
ls discussed so far both AIC and cross-validation
ures.

 both AIC and (leave-one-out) cross-validation are
n to lead to selection of overly large models, it seems
t to compare PLP5 to quadratic formant models of
arable dimension. We have done this in models 6
gh 8 in Tables 2 and 3. These models include F1, F2,
F3 supplemented by the squares of two formants,
e numbers are indicated following the letter 'S'. For
ple F123S12 uses 5 dimensions F1, F2, F3, F12  and
 For the AIC measures in Table 2, the 5-dimensional
ant representations in rows 6 through 8 outperform
 (model 2) in English and Finnish. The story for
-validation in Table 3 is mixed. In English, the
ant models are better, while PLP5 wins for Finnish.

s 9 through 11 of Tables 2 and 3 assess formant
sentations enhanced by only one squared formant
 F23 or F32, respectively). PLP5 beats all three
els on AIC for English and on both AIC and cross
ated G2 for Finnish. However, for English, models
d 10 (with F12  and F22  added respectively) beat
 in Table 3. Overall, restricted quadratic formant

els of the same dimension as PLP5 are about as
, while smaller ones are slightly inferior. We also
ored several other larger models. Model 12
sents the combination of F123 and FPLP
eters. Models 13 through 15 are versions of the

quadratic model with one cross-product term
inated. Thus Model 13, labeled as '[5]-X13'
sents model 5, QF123, with the F1 x F3 cross-
uct variable removed. We see that all such 8
nsional models perform better than model 12 on
 AIC and cross-validated G2 for both English and
ish. This suggests that quadratic expansion is a



more efficient way to supplement the three formant
measures than the complex nonlinear PLP5 method.

But why should we contemplate quadratic terms in a
classification model in the formant space? Is this just an
admission that a formants are inadequate? Not
necessarily. A linear logistic analysis of a three formant
space is capable only of generating linear (planar)
boundaries between any pair of categories. Planar
boundaries are optimal classification of natural stimuli
only if certain strict conditions are met by the
distributions of measurements. This includes data that
follow multivariate normal distributions with distinct
means for each vowel, but with an identical covariance
pattern for all vowels. But what if (co)variances are not
homogeneous? Then quadratic boundaries are required
for optimal classification. In fact, data from the classic
Peterson and Barney study available through [11] show
fairly strong evidence of heterogeneity. Box's M  test
for equality of covariance matrices shows highly
significant differences (p<.001) across vowels for three
formant (Bark-scaled) data from the male speakers.

7. FUTURE  PLANS

We plan to expand this research in two directions. First,
we hope to apply the computationally intensive
bootstrap methods developed by Shao [see 6] on some
of these models. We have done some preliminary work
with some of the models discussed here using leave-
out-k subject cross-validation, where k subjects are used
for training and n-k for testing. Shao's work suggests
that k needs to be a substantial proportion (e.g., 2/3) of
n for this to lead to unbiased model selection. However,
it is suggested in [7] that such a high proportion may
lead to bias toward models that are too small unless n is
fairly large. Our work so far on models 1, 2, 5 and 11
reveal suggest the same ordering of results as AIC. We
are also exploring whether we can discover an explicit
2-dimensional representation that fares anywhere near
as well as the baseline 3-dimensional F123 model. So
far we have not found one  and we strongly suspect that
none exists.

8. CONCLUSIONS

Our conclusions thus far are four. First, explicit F1 by F2-
prime models do not account well for vowel classification
in a three-formant continuum. We strongly expect that
suggestions like those in [12] will not pan out. Second,  a
3-dimensional formant space provides a remarkably good
approximation to listeners' behavior in these two
languages, even with only linear logistic methods. Third,
more improvement results from using quadratic expansion
of the 3-dimensional space than is afforded  by PLP5.
Fourth, nonetheless, PLP5 represents a very creditable
method of representing the stimulus space for these
experiments. We certainly plan to keep it in our toolbox,
especially for application to problems where automatic
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