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Abstract

Support vector machines (SVMs) are trained to detect acoustic-phonetic landmarks,
and to identify both the manner and place of articulation of the phones producing
each landmark with high accuracy. The discriminant outputs of these SVMs are
used as input features for a standard HMM based ASR system. There is a signif-
icant improvement in both the phone and word recognition accuracy when using
these SVM discriminant features when compared to the phone and word recognition
accuracy of an MFCC based recognizer.

Key words: SVM, HMM, Discriminant, Distinctive Feature, Landmark

1 Introduction

Since at least 1955, psychophysical experiments in human speech perception
have demonstrated that speech perception is multiscale and structured: coarse-
scale information (prosody, syllable structure, sonorancy) can be perceived in-
dependently of fine-grained information (place of articulation) [1–8]. Human
ability to generalize quickly and effortlessly from one speaking style, signal-to-
noise ratio (SNR), or channel condition to another has been attributed to this
multiscale characteristic of speech perception [9–11]. Despite the multirate
character of speech perception, most automstic speech recognition methods
continue to observe the signal through fixed-length windows; attempts to use
different window lengths for the recognition of different phoneme classes, for
example, have often been stymied by the difficulty of adequately comparing
differently sized label sequences on the basis of differently sized observation
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sequences [12]. The apparent cause of the success of the HMM is the prop-
erty of simultaneously optimal parameters: it is possible to simultaneously
adjust every parameter in an HMM in order to optimize a global recognition
performance metric (maximum likelihood, maximum mutual information, or
minimum classification error). Until the 1990s, the HMM was the only large
vocabulary speech recognition model with the characteristic of simultaneously
optimal parameters; therefore, psychologically realistic hierarchical multiscale
models were not competitive.

Current-generation ASR systems represent words as sequences of context-
dependent phonemes. In order to train acoustic models proficient in classi-
fying phonemic units, vast amounts of training material are required. Even
with such material, state-of-the-art recognition systems generally misclassify
30-40% of the phonetic constituents [13]. And yet, phonetic classification is
critical for ASR performance; the word error rate (WER) is highly correlated
with phonetic classification error [14,15]. Moreover, if phonetic classification
were extremely accurate and pronunciation models in the lexicon precisely
matched the phonetic classification data, ASR performance would improve
dramatically [16]. Unfortunately, ASR systems are nowhere close to achieving
such goals. An entirely different approach is required - one that melds state-of-
the-art phonetic classifiers with realistic pronunciation models representative
of the speaking styles and conditions associated with the recognition task.

Early work in automatic speech recognition included relatively sophisticated
linguistic representations of phonology [17,18], syntax [19,20], and seman-
tics [21]. By contrast, it was often assumed that expert knowledge of acoustic
phonetics could add little to the knowledge automatically acquired by dynamic
programming [22], finite state automaton [23], or HMM [24] algorithms; the
success of these algorithms was so great that Klatt proposed a model of hu-
man speech perception based on frame-based finite state automata [25]. It
was frequently argued that the acoustic correlates of a phoneme are so vari-
able and context-dependent that context-independent phoneme classification
is impossible; thus, human speech perception must integrate a tremendous
amount of context for even simple phoneme perception tasks [26]. The pos-
sibility of achieving very low phoneme classification error rates with limited
context was first demonstrated in two quite different sets of experiments: spec-
trogram reading experiments [27], and experiments with neural networks [28].
Later experiments with hybrid neural-network/HMM systems hinted at the
strong correlation between phoneme error rate and word error rate of an au-
tomatic speech recognizer [29–32], leading to a renewed engineering focus on
the linguistic discipline of acoustic phonetics [33,34].

The “landmark-based speech recognition” approach described in this article
draws on ideas initially proposed by Stevens et al. [35,36]. In 1992, Stevens and
his colleagues proposed a framework for automatic speech recognition based
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on his theory of human speech perception [36]. The algorithm described by
Stevens begins with the detection of perceptually salient phonetic landmarks.
These landmarks are of different types, including obstruent and nasal closures
and releases, glide extrema, and the “steady state” center regions of vowels
and syllabic consonants. Because landmarks are of different types, the detec-
tion of a landmark also specifies the values of distinctive features which define
the landmark type. Stevens calls distinctive features which define a landmark
type “articulator-free features,” because they can be implemented by any ar-
ticulator; in his 2000 proposal, the articulator-free features are [vowel, glide,
consonant, sonorant, continuant, strident]. Using knowledge-based algorithms,
Liu was able to detect closure and release of [-sonorant] consonants with an
accuracy of approximately 95% [37,38]. Liu detected closure and release of
[+sonorant, -continuant] consonants (nasal consonants) with an accuracy of
about 89%, and Chen [39] was able to detect nasalization in vowels adjacent
to 94% of all nasal consonants. Howitt [40] used a multilayer perceptron to
detect vowel landmarks with 93% accuracy. Espy-Wilson developed semivowel
detectors with similarly high accuracy [41].

Glass and Zue [42] proposed the use of a simple spectral-change metric to de-
tect phoneme segment boundaries in the SUMMIT system, and Halberstadt
and Glass [43,44] used the SUMMIT segment boundaries to anchor phoneme
classification in a landmark-based system. Both papers propose that the land-
mark detector should be allowed to generate a large number of false landmarks,
in order to avoid the false rejection of any true landmarks. In the system pro-
posed by Halberstadt and Glass, a lexical alignment program finds the best
match between each sentence candidate and the proposed list of landmarks.
As a by-product of lexical alignment, the program determines which land-
marks are true segment-boundary landmarks, and which are segment-internal
landmarks.

Landmark-based and segment-based speech recognition methods have been
incorporated into hidden Markov models in a number of ways. Ostendorf et
al. described a large family of methods for modeling variability in the duration
and temporal sequencing of phonetic events; both segment-based and hidden
Markov models were shown to be special cases of the general family of meth-
ods [45]. Bilmes et al. [46] used an HMM with models of phonetic auditory
events (avents) separated by phoneme-independent steady state models, and
achieved a 1.2% word error rate on the DIGITS+ database (ten digits plus
“oh,” “no,” and “yes”). Word error rate did not increase as much in noise as a
standard speech recognizer; at 10 dB SNR, word error rate was 8.1%. Omar,
Hasegawa-Johnson, and Levinson created an HMM with special observation
probability density models of phoneme boundaries; stop consonant recognition
error rate was reduced by a factor of three, but overall phoneme recognition
error rate was unchanged because of degraded recognition performance for
vowels and glides [47]. The inappropriateness of standard MFCC features for
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a landmark-based speech recognizer motivated Omar and Hasegawa-Johnson
to develop a generalized maximum likelihood nonlinear acoustic feature trans-
formation for use in mixture Gaussian HMMs [48,49].

Niyogi and Ramesh trained radial basis function support vector machines
(RBF SVMs) to detect stop release segments in the TIMIT database [50,51].
For the same level of false acceptances (about 7%), the RBF stop detector
incurred fewer false stop rejections (21% vs. 30%) than an HMM phoneme
recognizer. Niyogi and Burges [51] have shown that the nonlinear discrimi-
nant functions g(~x) computed using an RBF SVM have the property of imi-
tating the perceptual magnet effect. Specifically, the distance |g(~x1) − g(~x2)|
decreases as vectors ~x1 and ~x2 are moved away from the g(~x) = 0 separatrix.
Equivalently, the sensitivity |∇g(~x)| is an almost monotonically decreasing
function of |g(~x)|. For example, most RBF SVMs learn a discriminant that
is quadratically similar to the canonical to the two-support-vector classifier
(2SVC). A 2SVC with support vectors at ±~s has a discriminant of

g(~x) = e−
1

2
|~x−~s|2 − e−

1

2
|~x+~s|2 (1)

whose gradient is given by

∇g(~x) = 2e−
1

2
|~x|2e−

1

2
|~s|2(~s cosh(~s · ~x) − ~x sinh(~s · ~x)) (2)

In the margin between phonetic classes (the region where ~s · ~s ≤ |~s|2), the
sensitivity |∇g(~x)| is approximately given by

|∇g(~x)| ∼ 1 − g2(~x) (3)

Juneja and Espy-Wilson combined the approaches of Stevens et al. and of
Niyogi et al. in order to create an automatic speech recognition algorithm
that combines SVM-based landmark detectors with a dynamic programming
algorithm for the temporal alignment and classification of phoneme bound-
aries [52–55]. SVM-based landmark detectors were trained for onsets and off-
sets of the distinctive features [silence] (94% recognition accuracy), [syllabic]
(79% accuracy), [sonorant] (93%), and [continuant] (94%). Six-manner-class
recognition accuracy on TIMIT was 80%, using a total of 160 trainable pa-
rameters.

All results listed above were obtained using clean speech recorded with a 16
kHz sampling frequency. In 2004, Hasegawa-Johnson et al. [56,57] developed
SVMs for landmark detection and classification in telephone speech; SVM
discriminant outputs were observed by distinctive-feature-based lexical access
systems based on either maximum entropy or dynamic Bayesian network prob-
ability models. The goal of this article is to report substantial improvement
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in the accuracy and computational complexity of the SVMs in [56], as well
as their integration with an HMM back end. Part of this work has previously
been reported in [58,59].

2 Background

In order to understand the methods proposed in this paper, it is helpful to
have a basic knowledge of phonology, support vector machines and hybrid
ANN-HMM speech recognition. This section briefly reviews pertinent facts
and notation.

2.1 Distinctive Features

Distinctive features [60] allow for an economical way of classifying phone seg-
ments and also allow for a better understanding of allophonic variation. Each
phone can be classified by a unique set of binary valued (either positive (+)
or negative (-)) distinctive features. There are two categories of distinctive
features, articulator free and articulator bound.

An articulator free (manner) feature is a parameter of phonological structure
that encodes a perceptually salient aspect of speech production. The five man-
ner features we are primarily concerned with are [silence, continuant, sonorant,
syllabic, consonantal]. The feature [silence] specfies whether a sound was cre-
ated by the human vocal apparatus ([-silence]) or whether it is silence or other
ambient noise ([+silence]). [Continuant] describes the airflow through the oral
cavity. A phone that is [+continuant] is made with air flowing through the
mouth. [Sonorant] determines how resonant a phone is. [+Sonorant] denotes
loud, continuous voicing. A [-sonorant] sound is produced with an oral ob-
struction that raises the air pressure in the vocal tract, impeding vocal fold
vibration. [+Syllabic] sounds are those that can occur in the nucleus of a sylla-
ble. [Consonantal] determines if there is a narrow constriction in the oral cavity
([+consonantal]). Manner features allow phones to be grouped into broad class
categories such as vowels, glides, nasals, syllabic nasals, stops, flaps, liquids,
syllabic liquids, and fricatives.

An articulator bound (place) feature is a parameter that describes a physical,
articulator-dependent aspect of human speech production. Place features that
can be sensibly defined for a phone are manner dependent. Most different
manner classes will have different place features.

Nasals ([+sonorant, -continuant]) can be characterized by the features [alveo-
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lar, labial, palatal]. [Alveolar] sounds are those that are made by pressing the
tongue blade to the back of the alveolar ridge, as in the nasal /n/. [Labial]
sounds are created by pressing the lips together. The sound /m/ is the labial
nasal. Finally, [palatovelar] sounds are made by pressing the tongue body to
the hard or soft palate. Many languages distinguish between hard palate and
soft palate constrictions, calling former “palatal” and the latter “velar.” En-
glish /ng/ 1 ,/g/, and /k/ constrictions may be produced in either place. The
palatovelar nasal is /ng/.

Syllabic nasals are nasals that occur in the nucleus of a syllable, just as a
vowel normally does. Syllabic nasals are defined by the same place features as
nasals. The /en/ sound at the end of the word “button” is a syllabic nasal.
The other syllabic nasals are /em/ and /eng/.

Like nasals, stop closures and stop releases ([-sonorant, -continuant] and [-
sonorant,+continuant], respectively) are also characterized by the features
[+alveolar] (/tcl/, /dcl/, /t/, /d/), [+labial] (/pcl/, /bcl/, /p/, /b/), [+pala-
tovelar] (/kcl/, /gcl/, /k/, /g/). In addition, stop closures and releases are
also classified by the feature [voice]. Voiced sounds ([+voice]) are those that
are made with the vibration of the vocal folds. The sounds /p/, /t/, and /k/
are the unvoiced stop releases whereas /b/, /d/, and /g/ are the voiced stop
releases. Unvoiced and voice stop releases are preceded by unvoiced and voiced
closures, respectively. The unvoiced closures are /pcl/, /tcl/, and /kcl/. The
voiced closures are /bcl/, /dcl/, and /gcl/. Stop closures and stop releases will
be referred to as closures and releases, respectively.

There is some uncertainty as to how to deal with closures. Closures are pro-
duced by completely obstructing the oral and nasal cavities and some re-
searchers, such as Juneja [55], consider the stop closure to be in the class of
sounds that would fall into the [+silence] category. However, the vocal tract is
a lossy system and audible sounds can sometimes radiate through the throat
and face during the production of the closure. Therefore, the experiments
reported in this article make a distinction between stop closure and silence.

Fricatives ([-sonorant, +continuant]) can be described by the features [ante-
rior, dental, labial, strident, voice]. [+Anterior] fricatives are created with a
constriction anterior to the alveolar ridge, such as /s/ or /th/. A phone with
the feature [+dental] is realized by pressing the tongue against teeth. The
phone /th/ is an example of a dental fricative. [+Strident] fricatives are those
that have an obstacle placed in front of the constriction in the vocal tract,
thereby increasing the amplitude of the turbulent noise, as in the phone /z/.
An example of a labial fricative is the sound /f/ and an example of a voiced
fricative would be the sound /zh/.

1 Systems described in this paper were trained and tested using NTIMIT, therefore
phones are described using the NTIMIT phone code.
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The glides ([+continuant,+sonorant]) /w/, and /y/, and the liquids ([+con-
tinuant, +sonorant]) /r/ and /l/, are unique in that each is articulated with
a different place of articulation. Their place features are [+labial], [+pala-
tovelar], [+rhotic], and [+lateral], respectively. Liquids and glides have similar
acoustic characteristics; the difference between the two kinds of sounds is that
liquids can be substituted for vowels in the nucleus of a syllable and glides can
form diphthongs. We differentiate between liquids that occur in the nucleus of
a syllable and those that do not by referring to the former as syllabic liquids.
An example of a syllabic liquid is the /er/ sound in the word “bird.” The other
syllabic liquid is /el/. Because we make an explicit distinction between syl-
labic and nonsyllabic liquids, the nonsyllabic liquids and glides are collectively
referred to as liquids unless otherwise specified. The sound /h/ is sometimes
considered to be a glottal fricative by linguists because it is sometimes pro-
duced with turbulence; however, the gradual transition region characteristics
of /h/ are more similar to the acoustic characteristics of glides than they are
to the acoustic characteristics of the fricatives. We therefore consider /h/ to be
a glide. Despite its acoustic similarity to other glides, /h/ can neither be syl-
labic nor form diphthongs in English. The sound /h/ is defined by the feature
[+glottal].

English flaps are made by quickly tapping the tongue against the alveolar
ridge. There are three flaps in English. One is the sound /dx/ in the word
“butter.” The nasal flap /nx/ occurs in words such as “banner.” Some English
speakers also flap the rhotic sound in words such as “three.” The rhotic flap
is not considered in this work and is merged with the phone /r/. The flaps are
[-continuant, +sonorant].

Vowels ([+continuant, +sonorant]) are defined by the features [advanced tongue
root (ATR), constricted pharynx (CP), front, high, low, reduced, round, tense].
The features [front, low, high] describe the tongue body position during pro-
duction of the vowel. A vowel with the feature [+ATR] is produced with a
widened pharynx (/ey/ vs. /ih/). The sound /ae/ is produced with the phar-
ynx constricted ([+CP]), whereas the vowel /ah/ is not ([-CP]). [+Round]
denotes lip rounding during vowel production. The vowel /uw/ is made with
the lips rounded and is therefore considered to be [+round]. [+Tense] vowels,
like /aa/, are usually longer in duration, have a higher pitch and higher tongue
position than lax ([-tense]) vowels, such as /uh/; every [+tense] vowel is either
[+ATR] or [+CP]. Vowels that are [+reduced] are generally unstressed, such
as the schwa /ax/.

Diphthongs, or vowels merged with glides, are separated into their phonetic
components. The diphthongs of English are /oy/ as in the word “boy,” /ay/
as in the word “eye,” and /aw/ as in the word “house.” The diphthongs /oy/
and /ay/ can be divided into the vowel-glide pairs /ow/ and /y/ and /aa/ and
/y/, respectively. The /aw/ sound can be decomposed into the phones /ae/
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and /w/.

2.2 Support Vector Machines

We are given two sets of data. The members in each set are represented in pairs
(~xi, yi), where ~xi is a vector of predetermined features, yi = −1 or 1 is the class
label, and there are i = 1 . . . N members in the universe D. The distribution
of the data, P (~x, y), is unknown. The vector ~xi contains d elements.

We wish to find an optimal separatrix, g(~x) = ~w · ~x + b, such that h(~x) =
sign (g(~x)) = y. We define the optimal separatrix as the hyperplane with the
Vapnik-Chervonenkis (VC) dimension dV C that minimizes the expected risk
R(~w, b). The VC dimension of a hyperplane is the logarithm of the maximum
number of points in a training set that can be shattered by that hyperplane.
Since there are N points with binary labels in the training set, it follows that
there are at most 2N different ways to label the dataset. The number of points
shattered by g(~x) is the number of points correctly classified by g(~x) for a
given labeling permutation.

The expected risk is written as

R(~w, b) =
1

2

∫ ∫
|y − g(~x)|p(~x, y)∂~x∂y (4)

Because the expected risk depends on the probability density p(~x, y), it is
impossible to minimize this equation without prior knowledge of the distri-
bution of the data. Since this knowledge is usually not available, it is easier
to bound R(~w, b) with the empirical risk Remp(w, b, D) and a generalization
bound G(H, N), and minimize the right-hand side of the following inequality:

R(~w, b) ≤ Remp(~w, b, D) + G(H, N) (5)

The set H contains a given class of mapping functions with adjustable param-
eters.

The empirical risk is defined as

Remp(~w, b, D) =
1

N

N∑
i=1

u(−yi(~w · ~xi + b)) (6)

where u(·) is the “unit step” function and is called the loss ℓ. The unit step
function is discontinuous at 0. Gradient-based optimization methods are not
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guaranteed to converge over discontinuous functions so the actual loss is ap-
proximated with a “hinge” loss ℓh(z), where

ℓh(z) = max(0, z + 1) (7)

The use of ℓh instead of ℓ creates a “margin” around the line g(~x) = 0. Any
member of D that lies between the lines |~w · ~xi + b| = 1 is called a partial
error. The distance between the margins is 2

‖~w‖
.

How can we train a classifier using partial errors? One thing to do would be to
say that all partial errors are “correct.” Classifiers that use this philosophy are
called “gap-tolerant” classifiers [61]. Another approach would be to treat all
partial errors as if they were true errors. Classifiers that make this assertion
are said to be “gap-intolerant.”

Recall that we wish to minimize the right-hand side of Equation (5). The
mapping functions in H are determined by whether a gap-tolerant or gap-
intolerant approach is used. These two different kinds of mapping functions will
be referred to as H1 and H2, respectively. The functions in H1 are equivalent
to classifiers with d-dimensional hyperplanes. Members in the set H2 depend
on the ratio of R, the radius of a sphere that encircles the data, to the width of
the space between the margins. For a gap-intolerant classifier, with probability
1 − ε, the generalization error can be written as

G(H, N)≤
log(1

ε
)

N
× dV C(H) (8)

=
log(1

ε
)

N
× min(d,

1

2
R‖~w‖)

To solve the SVM problem, we must solve the primal Lagrangian

Lp = min
~w,b

1

2
‖~w‖2

2 + C
∑

i

ξi −
∑

i

αi(yi(~w · ~xi + b − 1 + ξi)) −
∑

i

µiξi (9)

subject to

αi(yi(~w · ~xi + b − 1 + ξi)) = 0 (10)

µiξi =0 (11)

where αi and µi are Lagrange multipliers. The quantity ξi is called the error
distance. The error distance is defined as the distance of a point from its
corresponding class-margin boundary, i.e., the boundary a point must cross to
become a partial error.
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Because both the objective function and its constraints are convex, this quadratic
programming problem is also a convex optimization problem. To solve Lp, we
must simultaneously minimize over ~w and b while requiring that all derivatives
with respect to the αi’s and the µi’s are equal to zero. However, because we
know our optimization problem is convex, we can solve the dual problem by
maximizing Lp over αi and µi, and requiring that all derivatives with respect
to ~w and b are equal to zero. Note that in the primal problem given by Equa-
tion (9), µi ultimately disappears from the SVM dual problem formulation
because of the constraint in Equation (11). Therefore, we can ignore µi and
optimize only over αi.

The dual problem Ld is

Ld =max
αi

∑
i

αi −
1

2

∑
i,j

αiαjyyyj~xi · ~xj (12)

=max
~α

~α · ~e −
1

2
~α′Q~α (13)

where ~e is a vector of 1’s and Q is a Gram matrix. The element of Q in the
ith row and the jth column, qi,j, is yiyj~xi · ~xj .

A non-planar separatrix can be constructed by using K(~xi, ~xj) in place of
~xi · ~xj in the equations above, where K(~xi, ~xj) is a positive definite “kernel”
function. Aside from the linear kernel, other common kernels are the radial
basis function (RBF), polynomials and sigmoid functions. In our experiments,
the RBF kernel based SVM’s had the highest accuracies. The RBF kernel is
given by the equation

K(~xi, ~xj) = e−γ|~xi−~xj |2 (14)

We define the value of the discriminant function for a binary classifier as the
distance of a data vector from the hyperplane. For the RBF SVMs used in our
experiments, the discriminant function is

g(~xi) =
∑
j

αjyjK(~xi, ~xj) + b (15)

2.3 ANN/HMM and SVM/HMM Hybrid Systems

The power of artificial neural networks (ANNs) and SVMs is in their ability
to learn complex nonlinear functions and achieve good generalization perfor-
mance on unseen data. Neural networks are mentioned here in addition to
SVMs because any neural network has an equivalent SVM formulation [62].
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Both pattern classifiers have successfully been applied to speech recognition
in the form of a hybrid system.

Many researchers have proposed and implemented various methods that com-
bine ANNs with HMMs. These systems have been used successfully to rec-
ognize words, strings, and phones. Like the SVM, the ANN can be used to
approximate accurate representations of acoustic (or other) data of overde-
termined problems, but both the ANN and SVM by themselves are unable
to represent temporally dynamic systems. The HMM, however, does provide
a good model of temporally dynamic systems, such as speech. The goal of
hybrid systems is to combine the ANNs power of mathematical function rep-
resentation with the HMM’s ability to accurately portray events from systems
that change as a function of time. An overview of ANN/HMM hybrid sys-
tems for speech along with several examples of different architectures and
implementations used to recognize words and strings can be found in [63]. A
brief discussion of the advantages and disadvantages of traditional HMM-only
speech recognizers is also provided.

Like the SVM/HMM hybrid system developed in this work, the ANN/HMM
system designed and implemented by Bengio et al. [30,33] is used for phone
recognition. In [30], the authors developed a training algorithm that simul-
taneously updates the parameters of the ANN and HMM using maximum
likelihood estimation (MLE). In experiments using their ANN/HMM hybrid
[33], Bengio et al. trained three individual ANNs that could either determine
the manner of articulation of a phone, distinguish between stop consonants
and nasal consonants, or identify fricatives. These three ANNs had average
error rates of 17.7%, 25.4%, and 25.2% for their respective tasks. Using the
global optimization algorithm from [30], Bengio et al. combined the three
ANNs into a single ANN/HMM phone recognition system for read speech.
The ANN/HMM phone recognition system improved 9% relative to an HMM-
only system that the authors trained to perform the same task. In [30], the
authors provide experimental results that support the claim that an ANN by
itself provides for a poor model of speech dynamics.

Schwenk [64] built several baseline hybrid systems using ANNs to calculate
the posterior probabilities of confusable sets of numbers and an HMM to
decode the ANN outputs. Several kinds of features, including RASTA-PLP
and modulation-spectrogram features, were used as the initial input to the
ANNs. Schwenk also built ANN/HMM hybrids using syllable and frame level
representations. The system that achieved the lowest word error rate (WER)
of 5.3% on the TIMIT database combined Boosting [65,66] with the ANN
classifiers.

Boulard and Morgan define ANN/HMM hybrid systems that use the ANN to
calculate posterior probabilities of words, syllables, phones, or subphone units
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[63]. These probabilities are then interpreted and decoded by the HMM. Like
Boulard/Morgan hybrids, the Tandem System [67] also uses ANNs to calculate
the posterior probabilities of the acoustic data. Unlike Boulard/Morgan hybrid
systems, the Tandem System transforms the ANN output and uses the warped
probabilities as input features for a Gaussian mixture model (GMM) based
recognizer. The Tandem system is more robust than traditional hybrid systems
in both clean speaking conditions and in noise.

Kirchhoff and Bilmes [68] deviate from traditional hybrid architecture by train-
ing several different ANNs on multiple acoustic representations of the same
data. The ANN outputs are then combined and decoded. The system achieves
a 5.4% error rate for telephone-band continuously spoken digits.

Robinson et al. [69] applied a recurrent ANN/HMM hybrid system for both
the task of phone recognition on TIMIT and the task of word recognition on
the Wall Street Journal (WSJ) Corpus. In [69], Robinson et al. describe three
improvements they make to their baseline system. First, by adding context in-
formation to the recurrent network, the authors reduce the word recognition
error of their system by 10%; the phone error rate (PER) improvement is in-
significant. Secondly, by combining multiple models that use different acoustic
representations of the input data, the authors were able to reduce their base-
line WER by 25% and their baseline PER by 8%. Finally, by applying duration
modeling, Robinson et al. are able to reduce the WER on WSJ by 25% and
find no significant improvement in PER on TIMIT.

SVM/HMM hybrid systems have also been built. Smith and Gales [70] use
HMMs to extract score-space features from a speech signal and then train an
SVM to perform isolated word recognition. On utterances containing isolated
letters from the ISOLET corpus, the hybrid system tends to outperform an
HMM-only system for both ML and MMI training. In contrast, the system
described in this article uses SVMs to generate input features for the HMM.

3 Experiments

3.1 Data

The NTIMIT [71] corpus was used for most experiments described in this ar-
ticle. NTIMIT was constructed from the TIMIT [72] database by first filtering
the original utterances through telephone channels and then high-pass filter-
ing them. The original TIMIT database contains 6300 sentences that were
collected from 630 different speakers, both male and female, from 8 different
dialect regions of the United States. Each utterance is phonetically rich. The
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Fig. 1. An example of how the acoustic wave, the spectrogram, the phonetic tran-
scription, and landmarks are related. The utterance is “Okay, take the tray.” Three
example landmarks are shown: two stop closure landmarks and one vowel center
landmark.

original TIMIT corpus contains detailed phonetic transcriptions. NTIMIT has
been time aligned with TIMIT so the original phonetic transcriptions can be
used with the NTIMIT data as well.

The NTIMIT phone transcriptions are converted into landmark transcriptions
using a Perl script. The landmark transcriptions specify the instants when a
phone of one manner class ends and a phone of a different manner class be-
gins, i.e. the landmark times. The transcription also labeled the type of each
landmark, i.e., the manner-change features of the landmark, the manner of
articulation features, and the place of articulation features of the phones on
both sides of the landmark. Vowel center landmarks were estimated and la-
beled as well. These modified transcriptions were used to extract landmarks
for SVM training and testing. Figure 1 shows an example of how different
landmarks correspond to the NTIMIT phonetic transcription, the spectro-
gram, and the acoustic waveform. The figure shows three example landmarks:
a [-+consonantal] landmark (closure from the [-consonantal] phoneme /ow/
into the [+consonantal] phoneme /kcl/), a vowel center landmark (annotated
with one of its place features: [+front]), and a [+-sonorant] landmark (closure
from [+sonorant] /ih/ into [-sonorant] /tcl/).

13



3.2 Training SVMs for Landmark Detection and Classification

The systems tested in the experiments reported in this article make use of
both landmark detection and landmark classification SVMs.

Landmark detection SVMs are trained to compute a univariate discriminant
function gf(~xt) where ~xt is the observation cepstrogram centered at time t,
such that gf(~xt) optimally discriminates between the cases that a landmark
of type f exists (y = 1) or does not exist (y = −1) at time t.

Landmarks are places of sudden signal change that correspond to a change in
manner features, such as a consonant closure or a consonant release. Landmark
detection SVMs are trained for the landmarks f that correspond to changes
in one or more of the manner transition features listed in Table 1. Phrased
another way, g(~xt) is trained to be a minimum structural risk univariate sum-
mary of ~xt; i.e., the minimum structural risk classifier, given ~xt, is h(fi, t|~xt) =
sign(gf (~xt)).

We use a two-level distinctive feature hierarchy, in which articulator bound
featureclassification SVMs are conditional upon knowing the output of the
landmark detection SVMs. Specifically, articulator-bound classification SVMs
are trained to be conditionally discriminative for a given feature fi, given
knowledge of the features fj computed by the landmark detection SVMs;
i.e., h(fi, t|~xt, fj) = sign(gi(~xt)). Landmark classifiers label place, voicing, and
vowel quality features given the presence of a landmark. A list of our landmark
classification SVMs is given in Table 3.

Different acoustic observations provide different information. For example,
PLPs provide a spectral representation robust to talker differences [74], whereas
MFCCs provide a more noise-robust frequency representation. Some informa-
tion is redundant between different acoustic representations. Each set of acous-
tic observations added to ~xt also increases computation time. For these reasons,
manner detection and place classification SVMs were trained using a variety
of acoustic combinations: PLPs, MFCCs, delta coefficients (for both PLPs
and MFCCs), acceleration coefficients (for both MFCCs and PLPs), formant
frequencies and ampitudes and fitting liklihood from Zheng and Hasegawa-
Johnson’s formant tracking system [75], and knowledge-based acoustic param-
eters (APs) [76]. Energy and zero-crossing rate were also used as features for
fricatives [77]. Not all combinations of acoustic features were tried. The com-
bination of MFCCs, formants, and APs gave the highest average classification
accuracy averaged across tasks..

Each landmark detector was trained on a total of 13 000 training tokens: 6500
positive examples and 6500 negative examples. A positive example is a frame
that includes the desired landmark transition type, whereas a negative exam-
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ple is any frame that maps to a landmark, but corresponds to a different kind
of feature transition. Each manner detector was trained on acoustic feature
vectors ~xt containing 11 concatenated frames of acoustic information. The first
frame was sampled at 50 ms before the landmark, the 6th frame was sampled
at the landmark time, and the 11th frame was sampled at 50 ms after the
landmark; i.e., ~xt ≡ [~yt−50, . . . , ~yt, . . . , ~yt+50] where ~yt included a concatenation
of different acoustic features that were calculated at each frame.

Articulator-bound classification SVMs were trained using the maximum num-
ber of positive and negative samples available. While NTIMIT is a phonetically
rich corpus, some phonetic distinctions are better represented than others.
Positive place information was taken from the release or closure of conso-
nants or from the beginning of vowels exhibiting the desired positive place
features. Negative place information is taken from the release or closure of
phones with the desired negative value for a given place feature. In gen-
eral, most place classification SVM observation vectors could contain 7 frames
(~xt = [~yt−60, ~yt−50, . . . , ~yt]) or 11 frames (~xt = [~yt−50, . . . , ~yt, . . . , ~yt+50]). Stop
closure place detection SVMs achieved the highest accuracy using vectors of
20 concatenated frames (~xt = [~yt−100, ~yt−90, . . . , ~yt]).

The total number of features per frame is 90, including MFCCs, APs, and
formant frequencies, amplitudes, and fitting likelihood. The 11-frame vector
has a total dimension of 990 features, the 7-frame vector has a total of 630
features, and the 20-frame vector has a total of 1800 features.

Two different types of landmark detection svms were trained. Feature transi-
tion (FT) SVMs were trained to output a 1 at any phone boundary where the
specified binary distinctive feature changes sign, and a −1 elsewhere (Table
1). Manner onset (MO) SVMs were trained to output a 1 in the first frame of
a named manner class, and a −1 in the first frame of all other manners (Table
2). Finally, articulator-bound (AB) SVMs were trained to be effictive only at
the boundary of a specified manner class; their accuracies are shown in Table
3

Because the majority of the SVMs had several thousand support vectors,
the reduced set (RS) method [80] was used to reduce the number of support
vectors by 90%. For some of the SVMs, as many as 99% of the support vectors
were able to be eliminated without a significant change in accuracy. RS SVM
accuracies are also given in Tables 1, 2, and 3. Unless otherwise specified, the
RS SVMs were used for all further experiments.

The ROC curves of some of the manner classifiers and landmark detectors
are given in Figures 2 and 3. These ROC curves plot percentage insertion
vs. percentage deletion of frames belonging to either a given manner class
or landmarks of a specified manner transition type. A landmark is declared
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Table 1
Accuracies of the feature transition SVMs and RS SVMs. Test tokens are phone
boundaries selected from the NTIMIT test corpus. Chance is 50%.

SVM ACC ACC (RS) SVM ACC ACC (RS)

-+Silence 91.5 90.5 +-Silence 92.2 91.1

-+Continuant 81.1 80.8 +-Continuant 81.5 81.7

-+Sonorant 79.8 79.5 +-Sonorant 82.2 82.0

-+Syllabic 88.0 79.65 +-Syllabic 78.5 78.4

-+Consonantal 78.8 78.5 +-Consonantal 74.7 74.1

Table 2
Accuracies of the manner onset classification SVMs and RS SVMs. Test tokens are
phone boundaries selected from the NTIMIT test corpus. Chance is 50%.

SVM ACC ACC (RS) SVM ACC ACC (RS)

Closure 94.8 94.3 Release 95.9 95.3

Flap 96.7 96.2 Syllabic Liquid 89.3 89.3

Fricative 94.2 93.1 Syllabic Nasal 98.2 98.1

Liquid 87.1 85.4 Vowel 94.1 92.4

Nasal 92.8 91.8

every time that gf (~xt) exceeds some fixed threshold. The balance between
insertions and deletions is changed by adjusting the threshold. As shown, all
SVMs can achieve very low insertion rates, but few can achieve a deletion
rate below a classifier-dependent minimum, often as high as 20% or 30%. The
high number of deletions may be caused by sparsity of the training data; i.e.,
deleted landmarks are landmarks that fail to adequately resemble any of the
support vectors.

The SVM dichotomizer is designed to minimize the generalization error on
unseen data. Given that we know the location of the landmark frame, we can
classify manner and place information accurately, as shown in Tables 1-3. If
we do not know the location of the landmark frame, can we still achieve this
same accuracy? What happens when the landmark detectors are forced to
output a discriminant value for all the frames in the NTIMIT test set, i.e.,
nonlandmark frames? To answer these questions, we processed every frame
in the test corpus using the manner classification SVMs. The results of this
experiment are shown in Table 4.

Articular-bound classification SVMs are trained to be meaningful only in a de-
sired context; e.g., the alveolar (nasal) SVM is trained to discriminate between
[+alveolar] and [-alveolar] nasal consonant release landmarks. The HMM, how-
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Table 3
Accuracies of the articulator-bound classification SVMs and RS SVMs. Test tokens
were phone boundaries selected from the NTIMIT test corpus. Chance is 50%.

SVM ACC ACC (RS) SVM ACC ACC (RS)

Closure Release

Alveolar 74.5 73.4 Alveolar 85.3 85.0

Labial 82.7 81.4 Labial 87.6 85.8

Palatal 80.0 79.1 Palatal 90.1 87.9

Voice 69.0 69.1 Voice 86.7 86.1

Fricative Liquid

Anterior 96.4 95.7 Glottal 96.2 95.5

Dental 94.5 94.3 Labial 91.7 89.9

Labial 87.0 86.4 Lateral 90.2 88.7

Strident 89.9 89.1 Palatal 96.8 96.3

Voice 89.6 89.1 Rhotic 93.0 91.2

Nasal Vowel

Alveolar 83.8 82.9 ATR 85.6 83.8

Flapped 97.3 95.4 CP 85.6 84.3

Labial 88.3 87.5 Front 87.5 86.8

Palatal 97.8 96.5 High 92.3 91.9

Low 88.6 87.6

Reduced 86.1 86.0

Round 97.6 96.6

Tense 83.2 81.9

ever, will be forced to observe discriminant outputs of these SVMs in every
frame — even frames for which the SVM target output is undefined. The ques-
tion arises as to what the articular-bound classification SVMs will do when
used out of context. Figures 4 and 5 show example spectrograms with the
discriminant plotted as a function of time for the [front] and [alveolar stop]
classifiers, respectively.

In Figure 4, the utterance is “A quick touchdown result.” The [alveolar stop]
release classifier discriminant is largest at the alveolar consonants /t/, /ch/
(/ch/ is a fricated stop composed of the sounds /t/ and /sh/) and /d/ in the
word “touchdown” and at the /t/ in the word “result”. It is also fairly large
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Fig. 2. ROC curves of a selection of SVM manner onset classifiers. (Top Left) The
ROC curve of the stop closure classifier. (Top Right) The ROC curve of the nasal
classifier. (Bottom Left) The ROC curve of the stop release classifier. (Bottom
Right) The ROC curve of the vowel classifier.
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Fig. 3. ROC curves of a selection of SVM feature transition detectors. (Top Left)
The ROC curve of the -+continuant classifier. (Top Right) The ROC curve of the
+-sonorant classifier. (Bottom Left) The ROC curve of the +-syllabic classifier.
(Bottom Right) The ROC curve of the -+consonantal classifier.

at the /z/ in “result” despite having been trained for stop classification. The
discriminant is negative during the first /k/ in “quick” (a [-alveolar] stop),
but also, to a smaller degree, in the contexts for which it was not trained, e.g.;
the /r/ in “results.”
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Table 4
Accuracies of the RS manner onset classifiers. Test tokens include all frames in
the NTIMIT test corpus (both phone boundary and non-phone boundary frames).
Chance accuracy is different for the different tasks shown.

SVM ACC Chance SVM ACC Chance

Stop Closure 74.8 90.6 Stop Release 86.4 92.9

Flap 98.4 99.4 Syllabic Glide 80.6 87.2

Fricative 77.4 84.9 Syllabic Nasal 99.2 9.5

Glide 65.5 87.2 Vowel 84.9 66.8

Nasal 84.7 94.9

Fig. 4. (Top) A spectrogram of the utterance “A quick touchdown result.” (Bottom)
The discriminant as a function of time. The discriminant was obtained from the
[alveolar] stop classifier.

The utterance in Figure 5 is “Okay, take the tray.” As can be seen in the
figure, the discriminant of the [front] classifier is large and positive-valued in
the context of the front vowel /ey/ and of the fronted schwa in “the,” but is
large and negative during the [-front] vowel /ow/ and slightly negative during
silence and /r/.

3.3 The HMM-SVM Hybrid System

We wish to integrate the SVMs and the HMM into the system shown in Figure
6. The SVMs each receive a vector of acoustic data once per frame. Each SVM
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Fig. 5. (Top) A spectrogram of the utterance “Okay, take the tray.” (Bottom) The
discriminant as a function of time. The discriminant was obtained from the [front]
classifier.

Fig. 6. The SVM/HMM hybrid system.

will output a discriminant value for each frame. These values are concatenated
together to form the observation vector for the HMM. The HMM uses this
new information to output a phonetic transcription.

We define

p(G|Λ) =
∑
Q

∑
K

p(G,Q,K|Λ) (16)
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where G = [~g1 . . .~gT ] is the sequence of observations, Q = [q1 . . . qT ] is the
sequence of states, and K = [k1 . . . kT ] is the sequence of mixtures. ~gt =
[gt1 . . . gtD] is the set of SVM discriminant outputs at time t, where gtd is the
output of the dth SVM at time t. In other words, if the support vectors of the
dth SVM are ~s1d . . . ~sjd, and the test acoustic observation vector at time t is
~xt, then

gtd =
Md∑
j=1

ajde
−γ|~xt−~sjd|

2

+ bd (17)

where ajd is the signed weight of the jth support vector in the dth SVM
multiplied by the data label (either ±1), γ is a parameter of the RBF kernel,
and bd is the bias of the dth SVM. The dth SVM has Md support vectors.

The likelihood is given by

p(G,Q,K|Λ)= πq1
cq1k1

1

(2π|Σk1
|)

d
2

e
−1

2
(~g1−~µk1

)′Σ−1

k1
(~g1−~µk1

)
(18)

×aq1q2
cq2k2

1

(2π|Σk2
|)

d
2

e
−1

2
(~g2− vecµk2

)′Σ−1

k2
(~g2−~µk2

)

. . .

where πq1
is the initial state distribution, cqtkt

are the mixture weights, ~µkt
is

the mean vector, Σkt
is the covariance matrix, aqt−1qj

are the state transition
probabilities, and ~gt are the observations.

The baseline system was an HMM-based recognizer trained using HTK [73].
Each phone model consisted of a 5-state HMM (3 emitting states). The number
of Gaussian mixtures per state was varied from 1 to 33 mixtures. Each mixture
contained 12 MFCCs, 12 delta coefficients, 12 acceleration coefficients, and
three energy coefficients. This observation vector size was chosen so that the
number of parameters in the baseline system and in the SVM/HMM hybrid
system are equal.

Two SVM/HMM hybrid systems were constructed. One observes the discrim-
inant outputs of the SVMs listed in Table 1, and the discriminant outputs of
the SVMs listed in Table 3. The other hybrid system observed the manner
onset SVM discriminant outputs listed in Table 2, and the SVM discriminant
outputs listed in Table 3. Both also contained some subset of the articulator-
bound features given in Table 3. We will refer to these two systems as the
FT+AB and MO+AB hybrid systems, respectively. Like the baseline system,
the FT+AB and MO+AB SVM/HMM hybrid systems were HMM-based rec-
ognizers that modeled phonemes with a 5-state HMM (3 emitting states). The
number of mixtures in each emitting state was varied from 1 to 33 Gaussian
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Fig. 7. Phoneme recognition results for the baseline system, the SVM/HMM fea-
ture-transition/atriculator bound (FT+AB) system, ’and the SVM/HMM manner
onset/articulator-bound (MO+AB) system as a function of the number of Gaussians
per state.

mixtures.

The phone recognition accuracy of our baseline and two SVM/HMM hybrid
systems is shown in Figure 7. Our baseline system is roughly comparable with
other results [78,79] on telephone band speech.

Which kind of acoustic-phonetic information (phonetic feature changes at
landmarks, manner onsets, or articulator-bound) is most useful for phone
recognition? To determine this, three additional phone recognizers were trained.
One was trained to observe only the 10 manner feature-transition features. The
second observed only the 9 manner onset features. The third observed only
articulator-bound features. Each of these recognizers modeled phones using a
5-state (3 emitting states) HMM. The number of Gaussian mixtures in each
HMM state was varied from 1 to 33. Each recognizer was used to perform
phone recognition on NTIMIT. Results are shown in Figure 8. As seen in the
figure, the majority of the information to the recognizer is provided by the
articulator-bound features.

In Section 1, we speculated that improved phone recognition accuracy should
mean improved word recognition accuracy. To confirm this, tree-clustered tri-
phone models were trained. The results of these experiments are shown in
Figure 9. Word recognition accuracy is plotted as a function of the number of
Gaussian mixtures per state. When comparing Figures 7 and 9, we can con-
firm that the system with the lowest phone recognition accuracy, the baseline
system, has the lowest word recognition accuracy. The system with the highest
phone recognition accuracy, the MO+AB SVM/HMM hybrid system, has the
highest word recognition accuracy. The FT+AB SVM/HMM hybrid system
outperforms the baseline system at the task of phone recognition, but does
worse than the MO+AB SVM/HMM system at this same task. The results
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Fig. 8. NTIMIT phone recognition accuracy using articulator-bound (AB) obser-
vations only, manner onset (MO) observations only, and feature transition (FT)
observations only. The accuracy of each recognizer is plotted as a function of the
number of Gaussians per state.

Fig. 9. Word recognition accuracy as a function of the number of mixtures for the
MFCC baseline, the feature transition/articulator-bound (FT+AB) SVM/HMM
hybrid system, and the manner onset/articulator-bound (MO+AB) SVM/HMM
hybrid system.

are similar for word recognition. The baseline word recognition system is com-
parable to the MFCC-based baseline system trained on NTIMIT by Selouani
and O’Shaughnessy in [81].

4 Discussion

The SVM discriminant features described in this article provide the HMM with
acoustic phonetic information. Another way to interpret the meaning of our
discriminant features is that they are providing the HMM with information
about the movements of the articulators. Livescu et al. adopted this approach
in [82] by training both an ANN/HMM hybrid system and a “tandem” system.
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The input acoustic phonetic information was in the form of tract variables —
variables that describe the movements of the lips, tongue, velum, and glottis.
The use of these variables eliminates the redundency that exists in some of
the SVM discriminant features presented in this article. When the WER of
Livescu et al’s. hybrid system is compared to the baseline, is a 10% increase
in WER on a 10-word recognition task. Using triphone models, the tandem
system of Livescu et al. achieves a 4% reduction in WER over the baseline
system on a 500-word recognition task.

What is the best way to utilize acoustic phonetic information? The SVM/HMM
hybrid system presented in this article assumes that acoustic phonetic infor-
mation is best utilized in the acoustic model at the phone level. Juneja [55]
created a system that uses sets of acoustic phonetic features to define words;
i.e., a word is composed of sequences of acoustic phonetic features only defined
at the landmark times. Juneja compares this system with an HMM baseline
using two different sets of acoustic features, MFCCs and APs. When MFCCs
are used, word recognition accuracy declines 10% relative when words are mod-
eled via distinctive features. When APs are used, word recognition accuracy
increases by 7% when words are modeled using distinctive features.

Recognition of 8 kHz speech tends to be more difficult than recognition of
16 kHz speech. This may be due in part to the loss of information given by
the higher frequencies. Gaussian classifiers trained on the TIMIT corpus (16
kHz speech) [44] perform rather well when compared to systems trained on
the NTIMIT corpus (8 kHz speech) [78,79]. This drop in performance between
16 kHz speech and 8 kHz speech is not limited to Gaussian classifiers but is
evident in other classification systems as well, such as the SVM [56].

SVMs are computationally complex. The calculation of one discriminant value
requires (N-1)+N(D+1) multiplications (where N is the number of support
vectors and D is the length of the support vector) and 2DN+(N-1) additions.
Before we reduced the number of support vectors using the RS method, the
average number of support vectors for any given SVM was around 4620 with
39 SVMs, and so the total computational complexity of the SVMs was 18 941
900 multiplications per second of speech. Reducing the number of support
vectors by a factor of 100 reduces the multiplications and additions by a
factor of 100. Therefore, the SVMs in our final hybrid system required 188
500 multiplications per second of speech.

It is unclear how SVM accuracy affects phone recognition accuracy. If the
SVMs were 100% accurate, would phone recognition be 100% accurate? Fur-
thermore, how does a small change in the classification accuracy of the SVM
(such as the change in accuracy between standard and RS SVMs in Tables 1,
2, and 3) affect phone recognition accuracy? Unfortunately, this experiment
could not be run; the computational complexity of the RBF SVM combined
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with a large number of support vectors makes this experiment infeasible.

Integration with a distinctive feature based back end (e.g., the system of
Livescu et al. [83]) seems to be a desirable goal. This thesis has demonstrated
that a landmark based front end provides information useful to an HMM. It
may be possible to get further benefit by optimizing the back end to better
model the information provided by the SVMs; such optimization is a topic for
future research.

We have shown that classifiers, such as the SVM, can learn to make distinctions
between different kinds of speech sounds based on the corresponding acoustic
patterns of linguistically motivated distinctive features. These SVMs posess
the ability to provide meaningful information about phonetic contexts that
they have not observed during training. The information contained in the
discriminant outputs of the SVMs that are trained to make these distinctions
provides relevant information to the speech recognition system and lead to
improvements in both word and phone recognition accuracy over systems that
use more conventional features.
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