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Abstract
The traditional speech recognizer front end possesses several
weaknesses that are inherited by the subsequent processing
modules. Articulatory features represent an interesting alterna-
tive to the spectrally based features normally used in automatic
speech recognizers. Features describing the underlying speech
production process have the potential of providing a more ac-
curate basis for subsequent pattern recognition, and be the basis
for acoustic landmark detection. Articulatory features provide
an excellent basis for universal (multi-lingual) phone models,
can be noise robust and can be used in combination with tradi-
tional features if so desired. Acoustic segments can be a basis
for handling the asynchronous nature of the time evolution of
the set of the articulatory features as well as providing an im-
proved basis for variable frame rate analysis for obtaining accu-
rate estimates of speech and articulatory parameters.
Index Terms: speech recognition, articulatory features, acous-
tic segments

1. Introduction
The performance of automatic speech recognition systems has
shown good progress over the past couple of decades. However,
the progress has to a large extent been driven by the availability
of more data for training the statistical models and by faster and
cheaper computational power, and not so much by fundamen-
tal progress in methodology, and there are indications that the
performance improvement is saturating. Significant challenges
need to be resolved in order to make the technology univer-
sally applicable. In general, machine word error rates are still
at least one order of magnitude higher than human word error
rates over a wide range of tasks[1],[2]. This implies that ma-
chine recognition of speech needs substantial improvements on
all levels, from acoustic analysis and modeling, lexical model-
ing, language modeling and semantic analysis.

It can be argued that the main source for potential improve-
ments are on the higher level processing. This may in particular
be the case for spontaneous and conversational speech. How-
ever, the inferior machine performance also for simple recogni-
tion tasks such as digit and alpha-digit recoginiton, where the
task performance will not benefit from syntactic or semantic
information, implies that there are significant improvement po-
tentials in the acoustic analysis and modeling. Even though hu-
mans have a remarkable capacity of decoding the spoken mes-
sage even when the phonetic constituents cannot be individually
identified, machines are currently far from inhibiting such ca-
pacities. Thus, the low-level acoustic processing is vital for the
system performance as it will provide input to the higher level
processing.

The current paper is intentionally somewhat speculative. It
is the author’s belief that current acoustic processing paradigms
contain severe weaknesses that limit the accuracy with which
speech can be automatically recognized.

2. Conventional speech recognition

The structure of a traditional speech recognizer is shown in fig.
1. In this paper we will concentrate on aspects of the front end
(feature extraction).

Typically, every 10ms an analysis frame is extracted from
the input speech by centering a window of 15-25ms duration
at the current time instance. For each frame, speech features
are extracted based on spectral analysis. The most popular
speech frame representation is mel-frequency cepstral parame-
ters (MFCC)[3], which are obtained through first estimating the
log energies in a bank of triangular bandpass filters with center
frequencies that are equispaced on a mel frequency scale. The
vector of subband energies are then decorrelated by a cosine
transform (an operation that is basically equivalent to obtaining
the real cepstrum). Alternative representations, such as percep-
tual linear prediction (PLP)[4], which are conceptually similar,
are also frequently used.

The MFCC (or PLP) representation only captures the in-
stantaneous information in the speech signal. Important in-
formation is also contained in the temporal evolution of the
spectral information. In order to capture information about the
speech dynamics, approximations to the first and second order
temporal derivatives of the instantaneous feature vector are nor-
mally appended to the feature vector. The output from the fea-
ture extraction is then a temporally equidistant vector sequence.

The acoustic model is typically phone oriented. Context-
dependent phone models are statistical models of a phone in
a given context. Each phone context is modeled by a multi-
state hidden Markov model (3 states per model, and a left-right
model topology is common). The emission densities of each
state are typically Gaussian mixture models, GMMs. In order
to reduce the number of free parameters, state tying is used, i.e.
sharing model parameters between states of the context depen-
dent phone models. The link between the phone level descrip-
tion and the word level is given by the pronunciation lexicon,
which typically provides a canonic, broad phonetic description
of the pronunciation of each vocabulary word. It is also pos-
sible to have pronunciation lexica which include pronunciation
variants, often with some weight reflecting the frequency of oc-
curence of the variant.
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Figure 1: Conventional speech recognizer

3. Which features?
The purpose of the ASR front end is to extract all necessary
information for the task of discriminating sounds, words and
utterances in a manner that is maximally robust to variations
irrelevant to the speech recognition, e.g. ambient and channel
noise, speaker characteristics. The solution in current speech
recognizers invariably rely on short-time spectral analysis
(including temporal derivatives and often some (normalized)
energy measure). All subsequent processing is reliant on the
quality of the front end analysis. It is our belief that the current
approach has inherent weaknesses, and that it is vital for further
improvements in speech recognition that the ASR front end is
carefully re-examined.

The standard front end approach has several weaknesses:

1. The spectral analysis is performed at temporally equidis-
tant instances, using a fixed length window, and is based
on the assumption that within the analysis window, the
signal can be viewed as quasi-stationary. The time shift
and window length are chosen as a compromise between
the need for sufficient data samples to obtain reliable es-
timates and the need for temporal resolution to capture
the acoustic variability in the speech signal. Of course,
the stationarity assumption will at times be erroneous,
e.g. when the analysis window is placed at phone tran-
sitions or inside phones that are not acoustically stable,
such as plosives and diphthongs.

2. The temporally equidistant analysis produces a sequence
of feature vectors that in HMM-based ASR are assumed
to be conditionally independent. This assumption is well
known to be flawed.

3. The same analysis is applied regardless of the proper-
ties of segment under consideration. It is conceivable
that better analyses could be obtained if were possible
to perform signal dependent analysis to the input speech
signal.

3.1. Articulatory features

An alternative to the traditional, spectrally based, features
which aim at describing the realized speech signal, is features
that are designed to describe the underlying speech produc-
tion process. Such features can emanate from an articulatory
model, a model describing the interaction between the articula-
tors involved in speech production. A popular model is based
on Chomsky and Halles distinctive feature theory[5]. The dis-
tinctive features are a set of binary valued attributes describing
aspects of articulation and perception. As such, the articulatory

features have a set of properties making the attractive for speech
recogntion such as

• The potential of being largely language independent[6].

• Robustness to noise[7]

• The possibility of being combined with traditional fea-
tures.

The sets of articulatory features that have been used for speech
recognition vary. But in order to be appropriate for ASR, they
must have the following properties[8]:

• correlate well with the acoustic signal to enable machine
learning from data

• provide a compact representation

• encode the distinctions necessary for word discrimina-
tion

In addition, it is necessary that the features can be reliably de-
tected from the acoustic signal.

An example of an articulatory feature set[9] is shown in
Table 1.

Attribute Allowed values
Sonority vowel, obstruent, sonorant,

syllabic, silence
Voice voiced, unvoiced, n/a

Manner fricative, stop, flap, nasal,
approximant, nasalflap, n/a

Place labial, dental, alveolar, palatal,
velar, glottal,, lateral, rhotic, n/a

Height high, mid, low, lowhigh, midhigh, n/a
Front front, back, central, backfront, n/a

Round round, nonround, roundnonround,
noroundround, n/a

Tense tense, lax, n/a

Table 1: Articulartory features: Attributes and their values
(from [9])

In practice, detection of the articulatory features cannot be
perfectly undertaken. Depending on the type of feature, the
frame-level detection error rates are typically in the 10-25%
range[8],[10]. Because of this, making hard decisions on the
frame level (forcing detector outputs to 1 or 0) is clearly infea-
sible. Estimators of attribute posteriors will facilitate using the
articulatory features in a subsequent statistical decoding frame-
work. Employing a redundant set of features with respect to
enabling phone and word identification can increase robustness
and aid to achieve the desired performance goals.

It is worth noting that a phonemic transcription is not suffi-
cient for providing the ground truth of the articulatory features.
Allophonic variations, e.g. due to the phonetic (and articula-
tory) context will influence whether a canonic articulatory fea-
ture is realized or not. An example is the phone /h/ which is
generally unvoiced, but in some contexts are realized as voiced.
Because of this, it is necessary that articulatory feature detec-
tors are trained using transcriptions that take into account the
phonetic and articulatory context. If transcriptions are not avail-
able, and the phone sequence must be generated from pronun-
ciation lexica (which generally contain only a broad phonetic
transcription) a finer detail must be predicted e.g. by incorpo-
rating phonological rules. In traditional phone-based HMM rec-
ognizers the context dependency of the acoustic realizations are
of course handled by training context dependent phone models.



Another aspect that needs to be taken into consideration is
that the articulatory features will not remain constant over an
entire phone. Also, the features may change asynchronously,
such that a change in e.g. the voicing attribute will not neces-
sarily occur simultaneously with the change in other features.
Clearly, the ordinary HMM framework will not be well suited
to to handle such phenomena. In [8] it is proposed to employ
dynamic Bayesian networks as a mechanism to model the asyn-
chrony between features.

A framework for attribute-oriented speech recognition is
depicted in Figure 2. The speech signal is input to a bank of
attribute detectors, each providing a temporal stream of poste-
rior probabilites for the occurrence of a given attribute. The
output from the attribute detectors are combined in the event
merger, to produce phone or phone state posteriors. Finally,
the estimated evidence is employed to decode the phone string
in the evidence verifier. A system based on this architecture,
using 22 articulatory features, has been employed for continu-
ous phone recognition on the TIMIT database yielding a phone
accuracy rate of 75.0%, outperforming HMM recognizers and
being competitive with the best results reported[11].
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Figure 2: Attribute driven speech recognizer

3.2. Acoustic segmentation

We propose to introduce a pre-analysis step which performs an
identification of segments in a speech utterance with acousti-
cally well defined properties. A segmentation into varying du-
ration segments can be able to provide:

1. A means for determining an optimal trade-off between
temporal resolution and the number of data points avail-
able for estimation if the segmentation aims at identify-
ing stationary segments, as the statistical properties of
the segment will be near constant.

2. Reduced statistical dependency between successive fea-
ture vectors if each segment is represented by a single
feature vector.

3. A possibility of applying signal dependent analyses, e.g.
dependent on segment duration, or global properties of
the segment.

4. A means for analysis which takes into account the asyn-
chronous behaviour of the articualtory features and can
optimize the detection of each individual feature.

Recently, there has been a renewed interest in event-based
speech recognition[12]. Speech events are a collection of fun-
damental speech properties such as acoustical landmarks and
distinctive features, and can be combined to detect phonemes,
words and sentences. The distinctive features constitute a set
of acoustic-phonetic features that, if properly detected, can dis-
criminate between speech sounds. However, detection of the
distinctive features by using traditional, frame based analysis,

can be unreliable, partly due to the variability in duration of the
events.

The mel-frequency cepstral coefficients produced by cur-
rent front ends have proven to be fairly robust and efficient. Re-
gardless of their success, the analysis represents an ignorance
paradigm, as no speech specific information is utilized in the
analysis (the mel scale is a feature of hearing, not of speech,
although it might be a matter of discussion to what degree the
evolution of speech production and hearing have had mutual in-
fluence). On the other hand, a large body of speech feature anal-
ysis methods has been used in speech science and speech analy-
sis. Relevant examples include estimation of voicing, formants,
glottal pulses, nasality and voice onset time (VOT). Such fea-
tures could be particularly relevant for estimation of distinctive
features, and would potentially benefit from an initial segmenta-
tion of the acoustic signal. Such segmentation can be performed
for each individual feature, producing asynchronous streams of
segmental information, or be required to synchronize across all,
or subsets of features.

The speech community has proposed a number of ap-
proaches to speech segmentation, see e.g. [13],[14], [15], [16],
[17], [18]. Most of the research has been aimed at producing
segmentations that align with phones. In the current context, we
are more concerned with a segmentation that will facilitate the
detection of articulatory events and acoustic landmarks. Sev-
eral methods for performing acoustic segmentation have been
proposed, see e.g. [17], [18]. We will present some exam-
ples based on an extended version of Constrained Clustering
Segmentation[16]. The basic segmentation algorithm is pre-
sented below:

Assume that a recorded utterance is represented by a se-
quence of feature vectors {x(0), x(1), . . . , x(T )}. Generally,
the task of CCS can be formulated as finding the set of segment
boundaries {b0 = 0, b1, b2, . . . , bJ−1, bJ = T} that minimizes
the total distortion

Dtot =

J−1X
j=0

bj+1−1X
n=bj

d(x(n), x̂j(n− bj)) (1)

where x̂j(k) is the approximation of the speech frames of the
j’th segment. The approximation can in principle be cho-
sen freely, e.g. linear evolution over the segment (x̂j(k) =
k ∗∆x̂j + x̂j), parabolic evolution (x̂j(k) = k2 ∗∆2x̂j +
k ∗∆x̂j + x̂j) and so on. For the purpose of identifying acous-
tically stationary segments we choose an approximation that is
constant over the segment:

x̂j(k) = x̂j (2)

Similarly, the distortion measure, d(∗, ∗) will need to be
chosen to give a reasonable interpretation. For many speech fea-
tures, the Euclidian distance is a simple and meaningful choice.
E.g., when using cepstral features, the Euclidian distance in the
cepstral space is a good approximation to the L2 spectral dis-
tance:

d(x, x̂) = ‖x− x̂‖2, (3)

In this case, the approximation x̂j of segment j which mini-
mizes the segment distortion is simply the mean of the feature
vectors contained in the segment.

The acoustic segmentation will in principle require a min-
imization of eq. (1) over all possible boundary combinations.
However, the algorithm can be efficiently implemented by uti-
lizing the dynamic programming level building principle[16].



Figure 3: Acoustic segmentation and the corresponding manual phonemic annotation of a section of the sentence ”She had your dark
suit in greasy washwater all year”. From bottom is 2nd, 1st and 0th order segmentation.

Figure 4: Acoustic segmentation and the corresponding manual phonemic annotation when the number of 1st and 2nd order segments
are 10% more than and equal to the number of phones in the sentence, respectively.

Noting that the initial boundary b0 will be the start of the ut-
terance and bJ corresponds to the utterance end, we start by
finding the internal boundary that optimizes eq. (1) for two seg-
ments. Results from the 2-segment solution can then be em-
ployed in the search for the best 3-segment solution and so on.
The number of acoustic segments, J , for an input speech ut-
terance is unknown. We have used a threshold on the average
distortion as the criterion for selecting J , i.e. J is the smallest
number of segments such that Dtot(J)/bJ <= Θ. The choice
of Θ will depend on the feature vector and the distortion mea-
sure employed.

An example of acoustic segmentation of a fragment of a
TIMIT sentence is shown in Figure 3. The uppermost annota-
tion layer shows the manual segmentation. The three annota-
tion layers below show (top to bottom) segmentations for the
zeroth order, first order and second order approximations. In
this example, the number of segments for each approximation is
kept approximately equal, producing∼ 38% more acoustic seg-
ments than phones on the sentence level. It can be seen that the
0th and 1st order segmentation segments the closure and burst
phase of the /g/ in separate segments, while the parabolic seg-
mentation includes the closure into the last part of the /n/. The
gradual spectral change in the section containing the phones /r/
and /iy/ is also handled differently. The constant approximation
returns segments that correspond well with the manual segmen-
tation. The 1st order segmentation finds a segment containing
the /r/ and the initial part of the /iy/ which can be well modeled
by a linear approximation.

In Figure 4 the number of segments for the first and sec-
ond order approximation is reduced to accommodate the greater
modeling capacity of the higher order approximations. The lin-
ear approximation has 20% more segments and the parabolic
segmentation has only 5% more segments than phones in the
sentence. In this case we see that the differences between the
resulting segmentations are even more pronounced.

These examples illustrate that the choice of segmentation
approach will yield segments with different properties. The
piecewise constant approximation will aim to return segments
where the observations are stationary. Transitional areas will
typically be represented as short segments, since this will mini-
mize the approximation error. The piecewise linear approxima-
tion will favor segments with constant or slowly varying proper-
ties. All approximations will tend to place segment boundaries
at places of abrupt change.

3.3. Segment oriented processing

The acoustic segmentation can be employed as a purely pre-
processing step, in order to improve the performance of the ar-
ticulatory feature detectors. Each feature detector can have fea-
ture dependent input observations. E.g. in [19], features like
zero crossing rate, probability of voicing, subband energy max-
ima and spectral dynamics were used as acoustic correlates for
various articulatory features. In calculating the input observa-
tions from the acoustic waveform, the segmentation information
information can be utilized to improve the reliability of the es-
timates.

The articulatory features and an associated segmentation
can furthermore be combined to detect acoustic landmarks[20]
which can provide vital cues for automatic speech recognition,
and can be used to synchronize multiple classifiers.

Finally, the use of segments provide a link to segment mod-
els (see e.g. [21], [22]), although an explicit segmentation is
not usually required in a segment model. Actually, in [23], a di-
rect link between the segmentation algorithm used to exemplify
acoustic segmentation (zeroth order segmentation) and constant
trajectory segment models was identified.



4. Conclusions
Articulatory features represent an interesting alternative to the
spectrally based features normally used in automatic speech rec-
ognizers. Features describing the underlying speech production
process have the potential of providing a more accurate basis
for subsequent pattern recognition, and be the basis for acoustic
landmark detection. In addition, studies have shown that artic-
ulatory features provide an excellent basis for universal (multi-
lingual) phone models[6], and can be noise robust. Acoustic
segments can be a basis for handling the asynchronous nature of
the time evolution of the set of the articulatory features as well
as providing an improved basis for variable frame rate analy-
sis for obtaining accurate estimates of speech and articulatory
parameters.
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