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Abstract
In this article we take a step forward towards the application of
Support Vector Machines (SVMs) to continuous speech recog-
nition. As in previous work, we use SVMs to estimate emission
probabilities in the context of an SVM/HMM system. However,
training pairwise classifiers to discriminate between some of the
HMM-states of very close phonetic classes produce unsatisfac-
tory results. We propose a data-driven approach for selecting
the HMM-states for which SVMs are trained and those ones
that are implicitly tied.

Additionally we introduce an algorithm that is incorporated
into the decoder for dynamically selecting the subset of SVMs
used to estimate the emission probabilities. This algorithm re-
duces the number of SVMs evaluated at the frame level dramati-
cally while preserving recognition accuracy. We present results
in a very challenging corpora composed of children’s speech.
Our approach not only outperforms comparable GMM/HMM
based systems but other SVM/HMM systems proposed to date.
Index Terms: speech recognition, Support Vector Machines,
children’s speech

1. Introduction
Support Vector Machines (SVMs) [1] are a well-established
machine learning approach that, due to their remarkable gener-
alization performance, have attracted much attention and gained
extensive application in many fields including speech process-
ing. Unlike other traditional techniques like Artificial Neural
Networks (ANN), SVMs perform both an empirical and a struc-
tural risk minimization over the training set, resulting in better
generalization.

The idea of modeling the acoustics of speech using discrim-
inative classifiers already showed very appealing results in the
case of Artificial Neural Networks [2]. In recent years, sev-
eral Automatic Speech Recognition (ASR) systems have been
proposed, where SVMs are used as statistical estimators and
HMMs model the temporal dynamics of speech. While some of
these systems are just used for hypothesis rescoring on top of a
conventional GMM/HMM decoder [3], other systems [4][5][6],
make use of SVMs during the decoding process to replace
Gaussian Mixture Models (GMMs) in the calculation of emis-
sion probabilities of a given word-level or phone-level HMM.
For example, in [5], word-level HMMs are used for digit recog-
nition under noisy speech showing a superior performance com-
pared to a conventional GMM/HMM paradigm.

This notion of using SVMs to estimate emission proba-
bilities shares some of the motivations of using discrimina-
tive training (and specially large-margin discriminative training
(LMDT)) instead of Maximum Likelyhood Estimation (MLE)
for training the parameters of HMMs. GMMs trained following
the MLE criterion do not provide optimal speech classification
because the real distribution of speech data is unknown. MLE

does not directly minimize word or phoneme recognition er-
ror rates and often does not provide the decision boundaries in
terms of minimizing the error rates. A discriminative training
criterion is, thus, more closely related to the recognition error
rate.

In [6] a hybrid SVM/HMM system was proposed in which
GMMs are replaced by SVMs in the computation of the
emission probabilities of phone-level HMMs. While such
system yields better recognition accuracy than comparable
GMM/HMM speech recognizers, it still has several shortcom-
ings. The one-versus-one strategy that was selected for train-
ing the SVM classisifiers in [6], while outperforming other
strategies [7] in terms of word accuracy, it requires the evalu-
ation of several thousand pairwise classifiers at any given time
frame during decoding. Additionally it does not make use of
phonological similarity information when training the classi-
fiers and relies on the transition probabilities between HMM-
states obtained from acoustic models trained using a conven-
tional GMM/HMM system.

In this article we present an SVM/HMM speech recognition
system in which HMM-states that are phonologicaly close are
implicitly tied following a data-driven approach. The procedure
consists of removing from the emission probability computa-
tion process pairwise classifiers trained to discriminate between
very overlapping phonetic classes, like the last HMM-state of
closures. Additionaly, an algorithmic approach is introduced
at the core of the speech decoder to optimize the process of
computing the emission probabilities at the frame level. The al-
gorithm performs a global computation of probabilities over all
the HMM-states that are active in the viterbi search by evalu-
ating first those pairwise classifiers that are expected to be the
most discriminative for the feature frame under consideration.

2. SVMs as emission probability estimators
2.1. SVMs as probabilistic estimators

An SVM learns the decision boundary between samples belong-
ing to two classes by mapping the training sample vectors into a
higher dimensional space and then determining an optimal sep-
arating hyper-plane [1]. When SVMs are used for probability
estimation it is necessary to map the margin or distance they
produce to a posterior class probability. This can be carried out
using a sigmoid [8] as expressed in Eq. (1), where the param-
eters A and B need to be estimated by cross-validation on the
training data.

p(y = +1|x) = g(f(x),A,B) ≡ 1

1 + eAf(x)+B
(1)

2.2. Multi-class classification

SVM classifiers are binary classifiers so for K-class (K > 2)
separation tasks, several SVM classifiers are needed. Particu-
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larly, having a phonetic symbol set of size P and S states for
each of their corresponding HMMs, K = PS classes need to
be discriminated. The most widespread approaches for multi-
class classification using SVMs are the one-versus-rest and the
one-versus-one. In the one-versus-rest approach one classifier is
trained for each class ki to discriminate it from the other classes.
The output of each of these classifiers can be mapped to a pos-
terior probability P (ki|X) applying [6]. In the one-versus-one
approach one classifier is trained to separate each possible pair
of classes. Thus, if the total number of classes is K, the num-
ber of classifiers that need to be trained is K(K − 1)/2. Given
that the one-versus-one approach has shown superior word ac-
curacy for speech decoding than the one-vs-rest [6][7], we have
selected this strategy as our classification scheme. According
to previous work [6], once the pairwise classifiers are trained,
the posterior probablity p(ki|x) of each of the K classes can be
calculated as expressed in (2).

p(ki|x) =

⎡
⎣

K∑

j=1,j �=i

1

p(ki|kj or ki,x)
− (K − 2)

⎤
⎦
−1

(2)

The last step consists of obtaining the emission probabilities
p(x|k) from the class posteriors p(k|x) using Bayes’ Rule. As
expressed in (3), this can be carried out dividing the posteriors
by the phone priors p(q), where the later are obtained from the
training material.

p(x|k) ∝ p(k|x)
p(q)

(3)

3. Implicit tying of HMM-states
When training pairwise classifiers as described in section 2,
we found that those trained to discriminate between some of
the HMM states of similar phonetic classes present a very
low cross-validation accuracy. For example pairwise classifiers
trained to discriminate between the first state of AA, AH or
AO, or pairwise classifiers trained to discriminate between the
last state of the closures BD, DD, GD, KD, PD or TD, present
very poor discriminative performance. This is not surprinsing
since phones belonging to the same broad phonetic class are
expected to be significantly overlapping and thus pairwise clas-
sifiers trained to discriminate between their states are expected
to perform poorly. In these cases, an SVM trained for probabil-
ity estimation would ideally produce probability values close to
0.5, thus reflecting appropriately the low accuracy of the model.
However, we have observed that the probability estimates ob-
tained from pairwise classifiers trained to discriminate between
very overlaping classes are very unreliable, which significantly
deteriorates the overall emission probability computation pro-
cess expressed in (2) and (3). The reason is that, usually, when
a feature frame belonging to a broad phonetic class is exam-
ined, pairwise classifiers trained to discriminate between pho-
netic classes belonging to that broad class and the remaining
classes produce probabilities very close to one. Ultimately, this
causes that the posterior probability of the best scoring class is
strongly determined by the probabilities obtained from the pair-
wise classifiers that discriminate between the classes included
in the same broad class.

To cope with this problem, we remove from the posterior
probability computacion process expressed in (2) those pairwise
classifiers that are expected to produce unreliable posterior es-
timates. For example, while SVMs trained to discriminate be-
tween the second or third HMM-state of AA and AY present

a cross-validation accuracy above 92%, the SVM trained to
discriminate between the first state of AA and AY presents a
cross-validation accuracy below 70%. This suggests removing
this classifier from the posterior computation process of the first
state of both classes AA and AY while still using the pairwise
classifiers trained to discriminate between the second and third
state. Since the emission probability of the first HMM-state of
AA and AY will be calculated excluding the pairwise classifier
trained for both, this procedure can be considered an implicit
tying of states.

The method proposed consists of doing 5-fold cross-
validation on the training data (only 1/5 of the training samples
are used in order to speed up the process) and obtaining a cross-
validation accuracy for each of the K(K−1)/2 classifiers. Us-
ing CVij as the cross-validation accuracy of the pairwise clas-
sifier trained to discriminate the classes ki and kj , expression
(4) substitutes (2) in the calculation of posterior probabilities.
Where ν represents the minimum cross-validation accuracy re-
quired to include a pairwise classifier in the computation.

p(ki|x) =

⎡
⎢⎢⎣

K∑

j=1,j �=i,
CVij≥ν

1

p(ki|kj or ki,x) − (K − 2)

⎤
⎥⎥⎦

−1

(4)

Finally, it is important to note that when building each one of
the 5 subsets of training samples, contiguous feature vectors
aligned with the same HMM-state must be placed into the same
subset. Otherwise the correlation of adjacent spectral features
will produce unreliable cross-validation results.

4. Dynamic selection of pairwise classifiers
during decoding

During a conventional viterbi search, an emission probability
needs to be computed for each of the HMM-states that remain
active at the current time frame. While the number of active
HMM-states depends on several factors like the size of the lex-
icon and the beam pruning, usually, the emission probability of
most of the HMM-states needs to be computed. In the case of
an SVM/HMM system with emission probabilities calculated
using (2) and (3), this results in the evaluation of most of the
pairwise classifiers at any given time frame, which strongly de-
teriorates the real time performance. For example, to estimate
(2) using 52 phonetic classes and three-state HMMs, if an aver-
age of 80% of the states are active, 11625 SVM classifiers need
to be evaluated for any given time frame. This represents 96%
of the total classifiers trained and is computationally extremely
expensive. We believe that this is one of the most serious short-
comings in the applicability of SVMs for speech decoding fol-
lowing this probabilistic scheme.

In this section we describe an algorithmic method to dy-
namically select the order in which the pairwise classifiers are
used in the computation of the emission probabilities so that at
any given time frame only a reduced subset of the total clas-
sifiers trained is used. The idea is to perform the computation
globally using a greedy strategy in which the pairwise classi-
fiers that are expected to be the most discriminative are evalu-
ated first. This procedure is expected to rapidly assign a very
low probability to unlikely HMM-states by evaluating first the
pairwise classifiers of the best scoring HMM-states. During the
process, once the partial emission probability computation of an
HMM-state drops below a certain value (relative to the probabil-
ity of the best scoring HMM-state), no more pairwise classifiers
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need to be evaluated for that state and it can be pruned from the
computation process at an early stage.

1. Create a list Lactive with pairs (ki, μi) where ki repre-
sents each of the classes (i.e. HMM-states of the differ-
ent phone classes) that remain active in the viterbi search
at the current time frame, and μi (initialized to 0) will be
used to keep a partial summation of pairwise probabili-
ties for the class ki.

2. Create an empty list Lfinal to keep the classes that will
be used do the final computation of probabilities. An-
other empty list Lpruned is created to store the classes
that are pruned from the global computation of probabil-
ities.

3. Initialize (kb, μb) with the the pair (ki, μi) with smallest
value of μi. In the first iteration (i.e. when all the μi are
0) kb is initialized with the best scoring class from the
previous time frame (this is the class that has the highest
expected probability value for the current time frame).
kb will be used to keep the class with the best partial
probability estimation.

4. For each pair (ki, μi)i�=b in Lactive do the following:

(a) compute p(kb|kb orki,x) using the corresponding
pairwise classifier. If no more pairwise classifiers
are left to evaluate for kb, move (kb, μb) to Lfinal

and go to step 5.
(b) μi = μi +

1
1−p(kb|kb or ki,x)

− 1

(c) μb = μb +
1

p(kb|kb or ki,x)
− 1

(d) if p(kb|kb orki,x) < 0.5 then (kb, μb) = (ki, μi)

5. If Lactive contains less than two elements move them to
Lfinal and go to step 8.

6. Sort the elements of Lactive in ascending order of μi.
Note that μi represents part of the overall summation of
pairwise probabilities that is done in the right term of
expression (2) for calculating the posterior of ki. Thus,
μi + 1 can be considered as the inverse of a partial esti-
mation of the posterior of ki.

7. For each element ki in Lactive if μi+1
μb+1

> λ move the
element to Lpruned. Go to step 3.

8. For each element (ki, μi) in Lpruned approximate the
posterior probability p(ki|x) of ki as a minimum value
relative to 1

μb+1
(that represents the best partial proba-

bility estimation). This is expressed in (5).

p(ki|x) = 1

(μb + 1)λ
(5)

9. For each element (ki, μi) in Lfinal compute the pos-
terior probability p(ki|x) of ki using only the pairwise
classifiers of the classes contained in Lfinal. This is ex-
pressed in (6), where F represents the number of ele-
ments in Lfinal.

p(ki|x) =

⎡
⎢⎢⎣

∑

j �=i,
j∈Lfinal

1

p(ki|kj or ki,x)
− (F − 2)

⎤
⎥⎥⎦

−1

(6)
10. According to (3) a final step of normalizing the posteri-

ors by the phone priors is necessary.
Note that using a high enough value of λ this algorithm is com-
pletely equivalent to the method described in section 2.

5. Experiments
5.1. Experimental setup

We present experimental results on the CU Read and Summa-
rized Story Corpus [9]. We have selected speech belonging to
first graders (6-7 years old students) that represents a total of 72
speakers, and partitioned it into a training set containing 3 hours
of audio and a test set of about 1 hour of audio.

For every speech utterance contained in the training set, 39-
dimensional feature vectors, consisting of 12 Mel Frequency
Cepstral Coefficients and energy plus first and second order
derivatives, have been extracted. The total number of feature
vectors extraced is about 1144000. Using the Sonic Speech
Recognizer [10] we carried out a forced alignment to obtain
state-level labels for each of the feature vectors. Note that
this is the only connection of the SVM/HMM system pro-
posed with a conventional GMM/HMM system. For training
the SVM/HMM system, 52 three-states HMM models are used
(corresponding to each of the phonetic labels used in the align-
ment). While emission probabilities are obtained from the SVM
classifiers as described in section 2, no transition probabilities
between HMM-states have been used. However, given that no
skips between HMM-states are allowed, at least three feature
vectors must be observed by each model.

5.2. Baseline system

The baseline system used for the experiments is a SVM/HMM
speech recognizer equivalent to the one poposed in [6], with
the only exception that we don’t make use of transition proba-
bilities obtained from previously trained GMM/HMM system.
This SVM/HMM system is based on monophone three-state
HMMs for which the emission probabilities are computed as ex-
pressed in (2) and (3). Additionally we have built a comparable
GMM/HMM system using HTK [11], for which only mono-
phone models (8 Gaussian mixtures per state) are trained. A
second GMM/HMM system making use of triphones has been
trained using the Sonic Speech Recognizer [10].

5.3. Implicit state-tying

This experiment evaluates the effect of the implicit state-tying
method proposed in section 3 on the recognition accuracy. Ini-
tially we do a decoding process in which the complete set of
pairwise classifiers (12090) is used to compute the emission
probabilities. Then, we use a 1/5 diluted set of the training data
(only one out of five feature vectors are used) to calculate the
cross-validation accuracy of each of the pairwise classifiers. We
use a threshold ν to select the subset of pairwise classifiers that
will be used to calculate the emission probabilities following
expressions (4) and (2).

Fig. 1 shows a comparison between the word accuracy of
both systems. It can be observed that as the value ν increases
the word accuracy gets better with respect to the baseline. How-
ever once the value of ν goes beyond a certain value (about
92% in the figure) the accuracy of the system deteriorates sig-
nificantly. This is not surprising since an elevated value of ν
causes many pairwise classifiers with an acceptable discrimina-
tive performance to be removed from the emission probability
computation process. It is important to note that, for example,
for a value of ν equal to 90, about 19% of the pairwise classi-
fiers may be removed from the training process. So the tying
approach not only improves accuracy but speeds up the training
process. Table 1 shows the word accuracy of the system with
respect to the baseline and GMM/HMM systems trained on the
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Figure 2: Word accuracy for different values of λ

same corpus. It can be seen that the proposed state-tying system
clearly outperforms comparable monophone systems.

System uniform trigram
GMM/HMM monophones (HTK) 41.47%

SVM/HMM monophones (baseline) 44.46% 55.45%
SVM/HMM monophones (state-tying) 48.71% 60.19%

GMM/HMM triphones (Sonic) 55.07% 67.53%

Table 1: Word accuracy of the proposed state-tying SVM/HMM
system respect to comparable monophone systems and a tri-
phone system.

5.4. Dynamic selection of pairwise classifiers

In this experiment we evaluate the efectiveness of the algorithm
proposed in section 4 to reduce the number of pairwise classi-
fiers that need to be estimated at each time frame during decod-
ing. We use the state-tying SVM/HMM system in which the
emission probabilities of each HMM-state are globally calcu-
lated according to that agorithm. We have carried out different
decoding processes for which different values of λ have been
used. As can be seen in Fig. 2 the value of λ can be set at 105
with no loss in recognition accuracy. In particular, for such a
value of λ only an average of 14% of the pairwise models that,
according to expression (2) and (3) would be evaluated, are used
at each time frame. However, significantly higher values of λ
still allow a large reduction in the number of pairwise classi-
fiers. For example if λ is set to 108 only an average of 38% of
the pairwise models are used.

6. Conclusions and future work
An SVM/HMM speech recognizer system has been built where
pairwise SVMs are used to estimate emission probabilities. Us-
ing a data-driven approach unreliable pairwise classifiers have
been removed from the emission probability computation pro-
cess allowing a relative increase in word accuracy of about 9%.
Additionally an algorithmic method for computing the emis-
sion probabilities has been introduced which reduces the aver-
age number of classifiers by 86% respect to the conventional
scheme without loss in accuracy. However, despite these ap-
pealing results, the application of SVMs to speech recogni-
tion still needs to face many challenges. In order to incorpo-
rate context to the models we will study a multilevel archi-
tecture in which coarser models are evaluated first and finer
grained context-dependent models are used to disambiguate
among the most likely candidates. Non-linear SVMs require
a training time superlinear with the number of samples, which
is intractable for large corpora like, for example, Switchboard.
A new approach called Core Vector Machines with Enclosing
Balls [13] has shown discriminative performance comparable to
conventional SVMs while allowing a training time linear with
the number of samples using non-linear kernels. We will ex-
plore the application of this technique to large datasets.
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