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ABSTRACT

Humans speech recognition error rates are 30 times lower
than machine error rates. Psychophysical experiments have
pinpointed a number of specific human behaviors that may
contribute to accurate speech recognition, but previous at-
tempts to incorporate such behaviors into automatic speech
recognition have often failed because the resulting models
could not be easily trained from data. This paper describes
Bayesian learning methods for computational models of hu-
man speech perception. Specifically, the linked computa-
tional models proposed in this paper seek to imitate the
following human behaviors: independence of distinctive fea-
ture errors, perceptual magnet effect, the vowel sequence
illusion, sensitivity to energy onsets and offsets, and redun-
dant use of asynchronous acoustic correlates. The proposed
models differ from many previous computational psycho-
logical models in that the desired behavior is learned from
data, using a constrained optimization algorithm (the EM
algorithm), rather than being coded into the model as a
series of fixed rules.

1. INDEPENDENT FEATURE ERRORS

This paper has two goals. First, this paper seeks to intro-
duce a large variety of recent speech psychology results to
the statistical signal processing community. Second, this
paper proposes computational models of the human be-
haviors evidenced in these recent results. It is, perhaps,
necessary to discuss the reasons why an engineer might be
interested in psychology. There is no a priori need for au-
tomatic speech recognizers to imitate the processes of hu-
man speech perception: the experience of the past 30 years
indicates that simple but trainable mathematical models
consistently achieve lower error rates than psychologically
motivated but untrainable models. Despite this progress,
however, automatic speech recognition error rates are typi-
cally 30 to 300 times worse than human speech recognition
error rates [1]. In order to close the gap between human and
machine performance, it may be useful to evaluate the per-
formance advantages conferred by specific human speech
perceptual behaviors, and to try to imitate the most ap-
parently useful behaviors using trainable machine learning
models.

In 1952, Jakobson, Fant and Halle suggested encoding
each phoneme as a vector of binary “distinctive features:”
voiced vs. unvoiced, lowpass vs. highpass, spectrally com-
pact vs. spectrally diffuse [2]. The idea that a phoneme
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can be decomposed into independently manipulable dimen-
sions is quite old: classical Greek, Hebrew, Arabic, and
Japanese, for example, mark secondary distinctions such as
voicing and aspiration by means of diacritics. Jakobson’s
binary notation was important in part because, within three
years after Jakobson’s paper, Miller and Nicely were able to
prove the psychological reality of a nearly binary distinctive
feature notation similar to Jakobson’s [3].

Miller and Nicely [3] asked listeners to transcribe noisy
recordings of consonant-vowel syllables. Human listeners
rarely misunderstand nonsense syllables under quiet listen-
ing conditions, but with enough noise, it is possible to get
listeners to make mistakes, and the mistakes they make are
revealing. First, some distinctive features are more suscep-
tible to noise than others: place of articulation is reliably
communicated only at SNR above -6dB, while sonorancy is
reliably communicated even at -12dB SNR. Second, errors
in the perception of distinctive features are approximately
independent, in the following sense: given that the true val-
ues of the N distinctive features are F = [f1, . . . , fN ]T , the
SNR-dependent probability that a listener will perceive the
vector F̂ = [f̂1, . . . , f̂N ]T is given by

p(F̂ |F, SNR) ≈
N∏

i=1

p(f̂i|fi, SNR) (1)

Eq. (1) does not specify the dependence of distinctive
feature errors on any particular acoustic signal. Several
authors have suggested an implementation of Eq. (1) that
makes signal-dependence explicit in the following way, where
X is the particular acoustic signal used to transmit feature
vector F :

p(F̂ |X) =

N∏
i=1

p(f̂i|X) (2)

Eq. (2) is motivated by training considerations. Each fea-
ture has two possible settings (fi = 1 and fi = −1), thus
the feature vector F has 2N possible settings. A classi-
fier trained to represent p(F̂ |X) must distinguish 2N dif-

ferent labels, while a classifier trained to represent p(f̂i|X)
only distinguishes two labels; the former therefore typically
requires 2N−1 times as much training data as the latter.
Unfortunately, Eq. (2) is incorrect in three ways. First, it
is neither a necessary nor sufficient condition for Eq. (1).
Second, it is suboptimal as an engineering system: a clas-
sifier trained to model p(F̂ |X) directly, without factoring
as shown in Eq. (2), usually results in fewer errors than a
bank of classifiers trained as in Eq. (2). Third, it is not
a correct model of human speech perception. Volaitis and



Miller [4], for example, have demonstrated that a voice on-
set time (VOT) of 40ms is sufficient to turn a synthesized
/b/ into /p/, but that /g/ only becomes /k/ when the VOT
passes 50ms, i.e. p(voiced|X, labial) 6= p(voiced|X, velar).

2. PERCEPTUAL MAGNET EFFECT

A somewhat better approximation of Eq. (1) may be cre-

ated by assuming that the perceived feature vector F̂ is
a deterministic function of the signal X; that is, assume
that any given listener will always hear the same sequence
of phonemes in response to a given acoustic signal. Specifi-
cally, choose any continuous function G(X) = [g1(X), . . . , gN (X)]T

that specifies the response pattern of listeners by the con-
straint f̂i = sgn(gi(X)). If G(X) is assumed to be a deter-
ministic function, then Eq. (1) is equivalent to

p(F̂ |F, SNR) ≈
N∏

i=1

∫
f̂igi(X)>0

p(X|fi, SNR)dX (3)

The function G(X) is, thus far, completely unconstrained,

except that f̂i = sgn(gi(X)) and Eq. (3) holds. Given these
constraints, it is possible to choose G(X) such that the
dimensions of G(X) are conditionally independent, i.e.,∫

f̂igi(X)>0

p(X|fi, SNR)dX =

∫ ∞

0

p(gi(X)|fi, SNR)dgi

(4)
where the limits of the right-hand integral are (0,∞) as

shown if f̂i = 1, and (−∞, 0) if f̂i = −1.
By combining Eq. (3) and (4), a parsimonious speech

sound classifier is produced. The classifier consists of two
functions: a class-independent multidimensional transform
G(X), and a set of class-dependent scalar PDFs p̂(gi(X)|fi).
The task of a human learner, or of a mathematical model
of human speech perception, is to learn functions G(X)
and p̂(gi(X)|fi) that optimally approximate the unknown
PDF p(X, F ). Human learners rely primarily on unsuper-
vised learning [5], but methods of optimal learning are only
clearly defined for a supervised learner. Specifically, sup-
pose that the learner is given M training tokens of the form
(Xm, Fm), 1 ≤ m ≤ M , drawn from the unknown PDF
p(X, F ), where Xm is a waveform and Fm = [f1m, . . . , fNm]T

is a vector of distinctive features. The optimal supervised
learning algorithm (in the minimum expected K-L diver-
gence sense) is the algorithm that chooses p̂(gi(X)|fi) and
gi(X) in order to minimize the empirical cross-entropy,

Hemp(p̂; p) = −
M∑

m=1

N∑
i=1

log p̂(gi(X)|fi) (5)

Cross-entropy measures mismatch between p(X, F ) and
the modeled PDF p̂(gi(X)|fi), but cross-entropy does not
measure the classification performance of the resulting model.
Recall that the classifier output is f̂i = sgn(gi(X)), thus
classification errors occur whenever fi 6= sgn(gi(X)). Clas-
sification error may be improved by subtracting, from the
cross-entropy, a regularization term monotonically depen-
dent on the probability of misclassification. For example, if

p̂(gi|fi) is modeled using a mixture Gaussian model,

p̂(gi|fi = f) =

K∑
k=1

cifkN (gi; µifk, σ2
ifk) (6)

then the simultaneous goals of minimum K-L divergence
and minimum classification error may be achieved by max-
imizing L(p̂, G) for some regularization constant λ:

L(p̂, G) = λ

M∑
m=1

N∑
i=1

fimµifk

σifk
−Hemp(p̂; p) (7)

L(p̂, G) may be maximized using the EM algorithm. Given
Λ, an initial set of parameters including the parameters of
both G(X) and p̂(gi(X)|fi), the EM iteration chooses Λ̂ to
maximize

Q(Λ, Λ̂) =

M∑
m=1

N∑
i=1

K∑
k=1

p(k, gi(Xm)|fim, Λ)[
log p(gi(Xm)|k, fim, Λ̂) + λ

fimµifk

σifk

]
(8)

where k is the mixture index selected to model the ith dis-
tinctive feature of the mth training token. Differentiating
Q(Λ, Λ̂) with respect to mixture Gaussian parameters re-
sults in formulas similar to those in [6]. Differentiating with
respect to the parameters of G(X) results in formulas sim-
ilar to [7].

The acoustic-to-perceptual transform G(X) can be con-
structed mathematically, but that does not necessarily im-
ply its psychological reality. In order to determine whether
or not the space G(X) corresponds to any psychologically
real phenomenon, it is necessary once again to examine the
psycholinguistic literature.

The ability of listeners to discriminate two nearly identi-
cal synthesized speech waveforms (e.g., identical except for
a 50Hz difference in the second formant) is highest if the
two waveforms straddle a phoneme boundary (e.g., if one
waveform is classified as /i/ while the other is classified as
/I/). Kuhl and her colleagues [8] have demonstrated that
the phoneme boundary does not need to lie between the
two waveforms in order to increase their discriminability:
two waveforms that are both classified as /i/, but that are
both close to the /i/-/I/ boundary, are more discriminable
than are two waveforms that are both close to the center of
the /i/ region in acoustic space. They explain their results
by positing a continuous-valued “perceptual space” com-
puted by the listener as a nonlinear transformation of the
acoustic space, G(X) = [g1(X), . . . , gN (X)], such that the
magnitude of the Jacobian of the transform is smaller near
the center of a phoneme region than it is near the border
between phoneme regions [5]. These variations in the value
of the Jacobian they term the “perceptual magnet effect.”
The proposed perceptual space G(X) is controversial, but
continues to serve as an organizing paradigm for new ex-
periments, e.g., [9].

3. REDUNDANT ACOUSTIC CORRELATES

Listeners do not need to hear all of the acoustic evidence
for a distinctive feature in order to correctly recognize the



feature setting. Phoneticians have catalogued a handful of
primary acoustic correlates (characteristic spectrotemporal
patterns) that may be used to signal the setting of each dis-
tinctive feature. A signal synthesized with any one of these
acoustic correlates will be heard to have the target distinc-
tive feature. Consider, for example, the word “backed.”
This word contains three stop consonants; because of their
relative positions in the word, the places of articulation of
these three stops are communicated by three very differ-
ent types of acoustic information. The place of the final
/d/ is communicated by a turbulent burst spectrum. The
place of the /k/ is communicated by formant transitions
during the last 70ms of the vowel. The place of the ini-
tial /b/ is communicated by both a turbulent burst and by
formant transitions during the first 70ms of the vowel, but
experiments with synthetic speech [10] and digitally modi-
fied natural speech [11] have shown that either of these cues
may be excised without impairing listeners’ ability to un-
derstand the stop. The closure transition, burst spectrum,
and release transition of a stop are thus redundant acoustic
correlates; unambiguous presence of any one of these three
acoustic patterns is enough to force listeners to hear the
desired distinctive feature.

The redundancy principle operates under at least two
circumstances. First, one or more acoustic correlates may
be missing because of syllable position, as in the example
word “backed.” Second, one or more acoustic correlates
may be inaudible because of noise. When all acoustic cor-
relates are masked by noise, listeners forced to guess the
identity of a stop will choose a place of articulation at ran-
dom. When the noise is lowered sufficiently to unmask ei-
ther the burst peak or the formant transition, recognition
accuracy rapidly approaches 100% [12].

The three sample acoustic correlates discussed above—
closure transition, burst spectrum, and release transition—
share an important characteristic. All three can only be
correctly recognized using a signal representation precisely
synchronized with an acoustic-phonetic “landmark:” an in-
stant of sudden signal change, e.g., a consonant closure
or consonant release. The mammalian auditory system
is uniquely sensitive to sudden onsets and sudden offsets
of signal energy [13, 14]. Stevens [15, 16] has proposed a
“landmark-based” model of speech perception and recogni-
tion, according to which acoustic phonetic landmarks pro-
posed by a pre-processor are then classified by a set of dis-
tinctive feature classifiers. Redundancy of asynchronous
acoustic observations occurs because landmarks are only
classified if they are first detected by the pre-processor, thus
if X1 is a sequence of spectra covering a 140ms period cen-
tered at the instant of stop closure, X2 is a sequence of
spectra centered at the stop release, and X = [X1, X2] is
their union,

p(X|F ) =

{
p(X1|F ) if only closure exists
p(X2|F ) if only release exists
p(X1|F )p(X2|F ) if both exist

(9)

4. THE VOWEL SEQUENCE ILLUSION

Speech recognition using a landmark-based recognizer re-
quires finding a sequence of landmark times T = (t1, . . . , tM ),

and the distinctive feature vectors F = (F1, . . . , FM ) imple-
mented at those landmarks, in order to maximize p(T ,X|F).
Define p̂(tm|tm−1, Y ) to be the probability that a landmark
exists at time tm, given the previous landmark time tm−1,
and given an auxiliary observation sequence Y (e.g., for stop
consonant detection, Y may be a sequence of short-time en-
ergies [17]). Then

max
T

p(T ,X|F) = max
tM

δM (tM ) (10)

where

δm(tm) = p(Xm|tm, Fm) max
tm−1

p(tm|tm−1,Y)δm−1(tm−1)

(11)
Eq. (11) proposes a stochastic landmark-based recognition
model (SLM) that may be understood as a new type of
stochastic segment model (SSM) [18]. The SLM shares
three important properties with the SSM. First, learning
algorithms developed for the SSM are also useful for the
landmark model, including the segmental K-means algo-
rithm based on Eq. (11), and a Baum-Welch algorithm in
which the maxima of Eq. (11) are replaced by sums. Sec-
ond, as in the SSM, the observations of the landmark model
are most naturally defined as spectrogram matrices rather
than spectral vectors: specifically, Xm = [~x(sm), . . . , ~x(em)]
where ~x(t) is the spectral vector computed at time t, sm is
the start time of the mth observation, and em is the end
time of the mth observation.

Despite these similarities, the landmark model of speech
recognition has one advantage that the SSM lacks. Speech
recognition using a landmark model may be constrained so
that all candidate transcriptions contain exactly the same
number of landmarks; as explained in [18], the constraint
of equal-length transcriptions is the only condition under
which an SSM can make use of explicitly segmental features
such as burst spectrum or formant-onset spectrum. Stevens
et al. [16] proposed classifying only the landmarks detected
by a landmark-detection preprocessor. Not all phoneme
landmarks can be accurately detected by a preprocessor,
but using a landmark-based recognizer, not all landmarks
need to be accurately detected: it is sufficient for the pre-
processor to count the number of syllables in the utterance,
and to hypothesize that every syllable contains exactly one
onset landmark, one nucleus landmark, and one coda land-
mark. “Relatively reliable” syllable detectors have been
available since 1975 [19], and improvements using sub-band
periodicity may be possible [20].

Recent evidence from neural physiology and speech per-
ception (e.g., [21]) suggests that human speech perception
may depend on a syllable-detection preprocessor, although
the evidence for this effect is much weaker than the evidence
for redundant acoustic correlates. First, fMRI studies have
demonstrated that syllable counting and phoneme recog-
nition occur in different parts of the brain [21]. Second,
Warren et al. have demonstrated a “vowel sequence illu-
sion” suggesting that listeners are unable to correctly rec-
ognize the phonemes in an utterance unless they are also
able to correctly syllabify the utterance [22]. Steady-state
vowels, spliced together into a repeating sequence, are eas-
ily recognized if each vowel segment is long enough to be
a naturally spoken syllable. If the vowel segments are too



short to be natural syllables (e.g., 70ms), listeners fail to
hear the correct vowels. Instead, listeners hear the signal
as a recording of two talkers speaking simultaneously, each
talking at a plausible English syllable rate, with phoneme
content suggesting that listeners are attributing energy in
the high band (above 1500Hz) to one talker, and are at-
tributing energy in the low band (below 1500Hz) to the
second talker.

5. CONCLUSION

Four results in the field of speech psychology have been
briefly discussed: the independence of distinctive feature
errors, the perceptual magnet effect, the redundancy of
asynchronous acoustic correlates, and the vowel sequence
illusion. Original mathematical models of these behaviors
have also been briefly presented; the proposed models are
designed to learn these behaviors from standard transcribed
speech recognition databases. It remains to be seen whether
empirical tests will find the proposed models to be useful as
either models of human psychology or as algorithms for au-
tomatic speech recognition. Other results relevant to speech
psychology, including the many results covered by the head-
ing of “auditory scene analysis” [14], have been omitted for
lack of space; future research will seek to incorporate these
other psychological results into a parsimonious but com-
plete mathematical learning model of human speech per-
ception.
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