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Abstract

As recently introduced in [1], an HMM2 can be considered as
a particular case of an HMM mixture in which the HMM
emission probabilities (usually estimated through Gaussian
mixtures or an artificial neural network) are modeled by state-
dependent, feature-based HMM (referred to as frequency
HMM). A general EM training algorithm for such a structure
has been developed [2]. Although there are numerous motiva-
tions for using such a structure, and many possible ways to
exploit it, this paper will mainly focus on one particular
instantiation of HMM2 in which the frequency HMM will be
used to extract formant structure information, which will then
be used as additional acoustic features in a standard Auto-
matic Speech Recognition (ASR) system. While the fact that
this architecture is able to automatically extract meaningful
formant information is interesting by itself, empirical results
also show the robustness of these features to noise, and their
potential to enhance state-of-the-art noise-robust HMM-based
ASR.

1. Introduction

State-of-the-art speech recognition systems are based on hid-
den Markov models (HMM) where the state emission proba-
bilities are typically estimated by Gaussian mixture models
(GMM) or artificial neural networks (ANN). As recently
introduced, HMM2 consist of standard HMMs where the
emission probabilities are estimated by another, state-depen-
dent, ‘frequency’ HMM [1].

A standard HMM emits a sequence of feature vectors. The
estimation of the likelihoods of a feature vector given an
HMM state is conventionally based on GMM or ANN. Alter-
natively, this likelihood can be estimated by a frequency
HMM. At each time step, the frequency HMM emits one fea-
ture vector in the form of a sequence of its components (usu-
ally scalar values). Typically, this feature vector is in the
spectral domain, and each of its scalars corresponds to a fre-
quency component. Each state of the frequency HMM is thus
described by a one-dimensional probability density function,
typically assumed to be Gaussian or a Gaussian mixture.
Therefore, the HMM2 parameters are the Gaussian means,
variances and mixture weights of the frequency HMM as well

as the transition probabilities of the conventional and the fre-
quency HMMs.

Frequency and conventional HMMs can be combined in a rec-
ognition system in different ways. A frequency HMM (associ-
ated with a certain state of the conventional HMM) estimates
the likelihood for a feature vector (which therefore has been
decomposed into a sequence of subvectors or scalars). This
likelihood is then further processed in the conventional HMM
the same way as if it had been estimated by a GMM. In fact,
the HMM2 can be ‘unfolded’ into one big HMM, provided
some synchronization constraint is introduced. Training can
therefore be done with an EM algorithm as conventionally
applied to HMMs. This and similar approaches have been
applied before in computer vision [3,4,5] (although the inter-
pretation of the so-called Pseudo2D-HMM differs somewhat
from ours). However, in [2] an integrated EM training algo-
rithm which is suited to this particular HMM2 topology (and
which therefore avoids the constraints mentioned above) has
been proposed.

As we will discuss in more detail in section 2, the HMM2
approach has several advantages compared to state-of-the-art
systems, such as the modeling of correlations through the fre-
quency HMM’s topology with a parsimonious number of
parameters, automatic non-linear frequency warping and
dynamic (implicit or explicit) formant trajectory tracking.

In contrast to the HMM2 system introduced in [1], the particu-
lar HMM2 system we focus on in this paper uses the fre-
quency HMM to explicitly extract formant structures. The
usefulness of formant features for ASR has already been
investigated, e.g. in [6,7]. On the other hand, hidden Markov
models have successfully been applied to formant tracking
before [8]. Here, we propose to use the formant structures
extracted by the frequency HMM as features in a conventional
HMM system.

In the following, we discuss the motivations of the HMM2
approach. We then demonstrate the abilities of the frequency
HMM to extract formant structures, and explain how these can
be used for speech recognition. Finally, experimental results
showing an improved robustness compared to state-of-the-art
noise-robust features are presented.
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2. Extraction and use of formant features

The general motivations of using HMM2 as described above
are the following:

• Better feature correlation modeling through the fea-
ture-based (frequency) HMM topology. Also, the
complexity of this topology and the probability den-
sity function associated with each state easily control
the number of para-meters.

• Automatic non-linear spectral warping. In the same
way the conventional HMM does time warping and
time integration, the feature-based HMM performs
frequency warping and frequency integration.

• Dynamic formant trajectory modelling. As further dis-
cussed below, the HMM2 structure has the potential to
extract some relevant formant structure information,
which is often considered as important to robust
speech recognition.

In the present paper, we mainly focus on the last motivation,
as the feature-based HMM is used to dynamically segment the
frequency vector into formant-like regions. It is generally
agreed that formants are perceptually important features. It is
also often acknowledged that spectral peaks (formants) should
be more robust to additive noise since the formant regions will
generally exhibit a large signal-to-noise ratio. Therefore, the

position of these formants in a speech segment could be quite
useful for phoneme discrimination.

Figure 1 illustrates how formant-like features can be extracted
with a frequency HMM, and then be used as supplementary
features in a conventional HMM. Starting from the speech sig-
nal, feature vectors in the spectral domain are extracted (a).
These features are used to train the frequency HMM (b). After
training, the frequency HMM will be used to perform a seg-
mentation along the frequency axis for each spectral feature
vector (c). The upper part of (c) shows this segmentation in
the time-frequency plane, whereas the lower part visualizes
the segmentation features themselves. These ‘formant fea-
tures’ are then appended to state-of-the-art noise-robust fea-
tures (d). Then, the new features (comprising the usual state-
of-the-art noise-robust features and the formant features, (e))
are used to train a conventional HMM (f). The usual speech
recognition algorithms can then be applied.

As expected, and as further shown later, this approach indeed
resulted in the extraction of some meaningful formant infor-
mation, already quite robust by itself. Further empirical results
discussed below also show that complementing standard,
already noise-robust, acoustic features with this formant infor-
mation yielded significant performance improvements in
noisy conditions.
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Figure 1: Extraction of formant features from spectral feature vectors (a) with a frequency HMM (b). Concatenation of the formant
features obtained (c) to state-of-the-art noise-robust features (d). The new combined features (e) are then processed in conventional
HMMs (f) as usual.
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3. Experiments

The experiments described here were carried out on the OGI
Numbers95 corpus [9], which comprises a vocabulary of 30
words (continuously spoken digits). Various noises, e.g. from
the Noisex database [10], were added, and different features
were extracted.

Our baseline system works with 13 MFCC-SS (i.e., MFCC
calculated after spectral subtraction (SS), with cepstral mean
subtraction (CMS) and including energy), as well as their first
and second order derivatives, making up feature vectors of 39
coefficients. It is important to note that state-of-the-art noise
reduction techniques (SS and CMS) have been used in the
extraction of these baseline features, so that they are already
quite robust to additive as well as convolutional noise. We use
the GMM-based HTK system [11] for training and recogni-
tion. Final models are 80 context-dependent phonemes with 3
states, each comprising a mixture of 10 Gaussians. On the
clean Numbers95 development test set, we obtain a word error
rate (WER) of 5.7%.

As features for the frequency HMM we use frequency-filtered
filterbanks (FF), as proposed in [12]. These FF features were
chosen because they are a rather normalized and decorrelated
spectral representation. First and second order temporal deriv-
atives were appended in order to introduce some smoothing.
Each of these 33-dimensional temporal feature vectors was
rearranged into 11 3-dimensional subvectors, a subvector
being composed of an FF coefficient as well was its first and
second order time derivatives. At each time step, the fre-
quency HMM emits a 33-dimensional feature vector in the
form of a sequence of 11 3-dimensional subvectors.

The topology of the frequency HMM is strictly top-down with
loops on each state (see figure 1 (b)). The number of states in
the frequency HMM was chosen according to the number of
formant regions we aimed to model. For the results reported in
this paper, we used 4 states. Training was done with an EM
algorithm on all FF data of the Numbers95 train set. After-
wards, the Viterbi algorithm was used to obtain a segmenta-
tion (given the trained frequency HMM) for each FF feature
vector of the whole database. Such a segmentation typically
consists of 3 values indicating the location in frequency of the
transitions between the 4 successive frequency HMM states.
These values would constitute the new formant feature vector,
which can be appended as a second information stream to
state-of-the-art features.

3.1 Formant tracking with a frequency HMM

In order to verify that a frequency HMM is indeed able to
extract formant structures, we used frequency HMMs trained
only on certain parts of the database. The frequency HMM in
the right of figure 2 was trained on the vowel ‘ow’. The back-
ground of the main part of figure 2 shows a speech segment of
FF features (dark and light regions correspond to positive and
negative coefficients respectively). In the left part of the
image, a segmentation as performed by the HMM on vowel
‘ow’ data is shown. It can be seen that, e.g., state 3 models the

high energy region of the FF data. Projected onto the original
filterbank spectogram (i.e., before the frequency filtering is
applied), the transitions follow quite nicely the maxima (for-
mants) and minima of energy. This conclusion still holds for
similar phonemes, e.g. for the vowel ‘w’ (see right part of the
figure), and even for very different phonemes, some formant-
like structures are obtained.

Taking a frequency HMM trained on all data and looking at
the segmentation results over sequences of several words, we
still see formant-like structural information, such as coherent
regions in the time/frequency plane modeled by a certain state
(an example is displayed in the upper part of figure 1(c)).
Although we also find sudden transitions to completely differ-
ent segmentations (which in fact might partly be due to phone-
mic transitions), and in case of consonants the interpretation
of the segmentation as formant structures no longer holds, this
result was encouraging us to go one step further and build a
recognition system with the segmentation data as features.

3.2 Recognition experiments

Can the segmentation information obtained from a frequency
HMM (as described in the previous section) be useful for
speech recognition? To answer this question, we used the seg-
mentation information (obtained from the frequency HMM
trained on all data) as features for a conventional HMM, as
described previously.

A conventional HMM system was thus trained with feature
vectors comprising only 3 components, corresponding to the 3
positions of the segmentation along the frequency axis (e.g.,
[3 5 8], as shown in Figure 2). Architecture and training pro-
cedure of this system are the same as in our baseline system
(apart from some parameters due to the different data dimen-
sion). We obtain a WER of 43.2% on clean data, what we con-
sider a very good result given the rather crude and low-
dimensional features employed here. It shows that our fre-
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Figure 2: Segmentations obtained form a frequency HMM
trained on the vowel ‘ow’ for a speech segment containing an
example of phoneme ‘ow’ as in the word ‘oh’ (left) and of
phoneme ‘w’ as in ‘one’ (right). The horizontal axis
represents time and the vertical axis frequency evolution.
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quency HMM is indeed able to extract meaningful (discrimi-
native) information for recognition.

For feature combination with state-of-the-art features, we used
the same method as described in [13] and appended the seg-
mental features obtained from the frequency HMM to the
MFCCs, thus obtaining feature vectors of 39+3=42 coeffi-
cients. Again, we stick to the same system architecture and
training procedure as used in our baseline system. For clean
speech, we obtain a comparable WER (5.6% vs. 5.7% in the
baseline). More results on speech with additive Noisex factory
noise can be found in Table 1. While recognition results for
high signal-to-noise ratios (SNR) are comparable to those of
the baseline system, the word error rate decreases for the case
of low SNR. Further tests on car and lynx noise confirmed
these results. Overall, we can state with more than 95% confi-
dence that our system works better than the baseline.

3.3 Discussion

The results reported in the previous section are promising,
even more so as our present frequency HMM system is still
very crude. We believe that with a more sophisticated method
for obtaining formant structures, an even better recognition
performance can be achieved in noisy speech. One method
currently under investigation is to train one distinct frequency
HMM for each phoneme, resulting in dynamic, model-depen-
dent features at the level of the conventional HMM. Further-
more, introducing some mechanism in order to smooth the
segmentation of the frequency HMM along the time axis
could be helpful. Frequency HMMs with different topologies
(e.g., number of states) might be investigated, and different
spectral features (possibly with a higher frequency resolution)
may be used.

4. Conclusion

In this paper, we presented a particular instantiation of the
HMM2 approach in which formant structures are explicitly
extracted by a frequency HMM. These are then used as fea-
tures in a regular GMM-based HMM systems. We presented
experimental results showing that the obtained segmentation
might indeed correspond to formant structures, and that it con-
tains some discriminative information which can enhance the
robustness of a standard noise-robust ASR system.
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SNR 39 MFCC-SS
(baseline
system)

3 formant
features

39 MFCC-SS
+ 3 formant

features

clean 5.7 43.2 5.6

18 7.4 42.3 7.3

12 11.9 49.8 11.4

6 23.0 62.2 21.4

0 48.6 76.4 46.6

Table 1: WER on Numbers95 with additive Noisex factory
noise for different SNR for the noise-robust baseline system
(39 MFCCs, extracted after spectral subtraction), a system
with 3 formant features only and the combined MFCC-
formant-feature system.


