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Abstract. The hidden Markov model (HMM) is a state-of-the-art model
for automatic speech recognition. However, even though it already showed
good results on past experiments, it is known that the state conditional
independence that arises from HMM does not hold for speech recognition. One way to partly alleviate this problem is by concatenating each
observation with their adjacent neighbors. In this article, we look at a
novel way to perform this concatenation by taking into account the frequency of the features. This approach was evaluated on spoken connected
digits data and the results show an absolute increase in classification of
4.63% on average for the best model.
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Introduction

Automatic speech recognition (ASR) is the transcription of spoken words into
text. An ASR model thus takes as input an audio signal and classifies it into a
sequence of words. The most common model that is used to perform ASR is the
hidden Markov model (HMM) with a Gaussian mixture model as observation
density (GMM-HMM). Even though GMM-HMM already showed promising results on various tasks, it is well known that the model has strong assumptions.
One of them is the state conditional independence: knowing the latent state at
current time makes the current observation independent of all other observations. It has been shown that this hypothesis does not hold when a HMM is
used for speech recognition [1].
There are multiple ways in which one can modify the HMM in order to reduce the detrimental effects of state conditional independence on classification
performance. Models such as trajectory HMM [3], switching linear dynamical
systems [4] and inter-frame HMM [5] were proposed to overcome the assumptions of standard HMM. A recent method (HMM with a deep neural network
observation density) used a rectangular window to concatenate each observation
with their preceding and succeeding MFCC frames [6]. It has been evaluated
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that the window helped the model achieve outstanding results by reducing the
effects of the state conditional independence [2]. In this paper, we investigate
how the use of a window can help to increase the performance of GMM-HMM
by looking at a triangular window that models inter-frame dependencies based
on frequency. Signal processing theory suggests that detecting changes is longer
for lower frequency signals, and faster for higher frequency signals. Thus, the
frequency appears to be a good metric of the speed of variation of information.
Therefore, if we create a triangular window that uses information on a longer
time-range for low frequencies and a shorter one for high frequencies, we expect
to improve the classification of a frame.
The remainder of this paper is structured as follows. Section 2 elaborates
on the temporal window and the chosen HMM. In Section 3, the experimental
framework and the results of the experiments are described, and we conclude
this work in Section 4.
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Temporal Window

It is normally required that features be extracted from utterances before any
classification. Generally, time-based waveform are not as robust as frequencybased features for ASR. For this reason, the most common feature extraction
method used for ASR is the Mel frequency cepstral coefficients (MFCC). It uses
various transformations, such as the Fourier transform, in order to output a series
of frequency-based vectors (frames). As a matter of convention, the coefficients
in a frame are ordered from low to high frequency.
In this paper, we propose a novel way of combining feature frames (MFCC)
extracted at different times that takes into account the velocity of change at
different frequencies. This type of approach that we dubbed triangular window
is motivated by signal processing theories which show that the rate at which
information changes in signals is proportional to frequency. This is why our
window collects frames farther apart for low frequency coefficients and closer for
high ones, as depicted in Fig. 1.

Fig. 1. Example of a rectangular and triangular window of size 5. A given column, on
the leftmost figure, represents a frame at a particular time t and the rows are coefficients
(MFCCs). Our triangular window approach performs coefficients sub-sampling on each
row based on the frequency. The classical rectangular window approach is simply the
concatenation of nearby frames together. We denote as Xt the resulting matrix after
concatenation.
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The difference between rectangular and triangular windows is seen in Fig. 1.
The former concatenate coefficients from adjacent frames, whereas the latter
concatenate coefficients from other frames based on their frequency. The coefficients at lower frequencies are taken further apart to avoid redundant information. Those at higher frequencies can be made closer because the frames quickly
become independent. Importantly, coefficients should not be duplicated in order
to avoid redundant information.
In models such as GMM-HMM, where each mixture component is a Gaussian,
the resulting matrix Xt can be vectorized to get back a vector xt . However, xt
will be high-dimensional if the size of Xt is large. Thus, the evaluation of the
observation density would be expensive to compute since it requires the inversion
of a high-dimensional covariance matrix Σ. In addition, Σ is more likely to be
non-invertible and the learning process could also over-fit it.
For these reasons, the observation density was set to the matrix equivalent
of GMM: the matrix normal mixture model (MNMM). In this case, the density
function of each component in a MNMM is given by the matrix normal density
function:


exp − 21 Tr V −1 (X − M )> U −1 (X − M )
,
(1)
p(X|M, U, V ) =
np
p
n
(2π) 2 |V | 2 |U | 2
where X and M are n × p dimensional matrices, U is n × n and V is p × p. Both
models are equivalent if Σ = kron(V, U ), the Kronecker product between V and
U , and if vec(M ) = µ, the mean of the Gaussian. Most of the time, these models
achieve similar results even though MNMM is approximating Σ. However, notice
that the np × np matrix Σ is divided into two smaller matrices U and V which
avoids the problems cited earlier.
The Expectation-Maximization (EM) for learning MNMM, as proposed in
[7], can be used in our approach to learn MNMM-HMM. To achieve that, we
simply replace the posterior probability that observation j belongs to component
i (τi,j ) by the posterior probability that frame t belongs to component k of latent
state j (γt (j, k)). τi,j can be found using component weights whereas γt (j, k) can
be computed using the well-known Forward-Backward recursion. Consequently,
the equation for learning the mean of the mixture component k in state j is:
, T
T
X
X
M̂j,k =
γt (j, k)Xt
γt (j, k) .
(2)
t=1

t=1

The equations for the among-row Uj,k and among-column Vj,k covariance can
also be written using the γ smoothing value:
, T
T



>
X
X
−1
Ûj,k =
γt (j, k) Xt − M̂j,k Vj,k Xt − M̂j,k
p
γt (j, k) ,
(3)
t=1

V̂j,k =

T
X
t=1

t=1



γt (j, k) Xt − M̂j,k

>

−1
Ûj,k



Xt − M̂j,k



,
n

T
X
t=1

γt (j, k) .

(4)
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The update equations for the mixture weights and the state transitions stay the
same. Having now in hands a suitable model that can be used efficiently with
the new features Xt , we have elaborated a number of experiments to test the
validity of our triangular window.
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Connected Digits Recognition

The database we used for our experiments is Aurora 2 [8] which contains 11
spoken digits (zero to nine with oh). The digits are connected, thus they can be
spoken in any order and in any amount (up to 7) with possible pauses between
them. The utterances are noisy and the signal-to-noise ratio (SNR) varies from -5
dB, 0 dB, . . . , 20 dB. Different kinds of noise have corrupted the signals such as
train, airport, car, restaurant, etc. The training set contains 16,880 utterances,
test set A and B have 28,028 and test C has 14,014. On average, an utterance
last approximately 2 seconds.
We defined 25 different triangular windows by hands and tested their accuracy with MNMM-HMM. We compared our results with the state-of-the-art
GMM-HMM. The latent structure of both HMMs was fixed to 7 states, left-toright transition only, with additional non-emitting entry and exit. We chose 7
states as the maximum number of states that prevents frames deprivation (more
states than frames in HMM). The number of mixture components per state for
the emission model was fixed to 4. We used standard 39 dimensional MFCC +
Delta + DoubleDelta for GMM-HMM and 13 dimensional MFCC for MNMMHMM. Both models were trained using EM and the number of iterations it ran
was fixed to 10 (we saw a convergence of the log-likelihood after 10 iterations).
Phoneme-based training and testing was performed and 20 different phonemes
(including silence) were used to represent the 11 digits. The phonemes were chosen according to The CMU Pronouncing Dictionary1 . The algorithms were initialized using a standard uniform phoneme segmentation and a silence phoneme
was concatenated to the beginning and the end of each utterance. The language
model was a uniform bi-gram.
Fig. 2 shows the word accuracy of MNMM-HMM with the best triangular
window compared to GMM-HMM. It used coefficients at time [t−αi , t−δ i , t, t+
δ i , t + αi ] where δ = [1, 1, 2, 2, . . . , 6, 6, 7] and α = [2, 3, 4, 5, . . . , 12, 13, 14] (i
iterates from high to low frequency). In addition, the word accuracy computes the
number of insertions, deletions and substitutions that are necessary to transform
the recognized utterance into the reference. We also added the classification
results from the original paper that presented the Aurora 2 database as an
additional comparison for our method [8]. We refer to it as HTK since they used
the Hidden Markov Model Toolkit to perform the recognition [9]. We can see
from the results in Fig. 2 that the triangular window increases the performance
of the recognition of about 4.63% on average compared to GMM-HMM.
We notice that the model did not outperform HTK. Indeed, HTK uses a more
complex training algorithm that includes, among others, short pause and silence
1

http://www.speech.cs.cmu.edu/cgi-bin/cmudict
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Fig. 2. Word accuracy on Aurora 2 database. For MNMM-HMM, multiple triangular
windows were defined and the best one is shown (as explained in the text).

inference, cost function on word transitions and pruning. Instead, a standard EM
algorithm was applied on both GMM-HMM and MNMM-HMM. In our preliminary work, we wanted to focus on whether the triangular window could help, or
not, the classification. Moreover, the performance increase achieved using a window does not depend on these add-ons. Therefore, the triangular window should
still increase the classification results once all the add-ons are implemented.
Moreover, Fig. 3 shows the performance of MNMM-HMM with the best triangular window (depicted earlier) along with rectangular windows of different
sizes. We can see that the triangular window helped achieve better accuracy.
Also, there is a slight degradation of performance as we increase the size of the
rectangular window. This is due to the fact that the coefficients concatenated on
both sides are either non informative, redundant or related to other phonemes.
This shows that using a triangular window is better than its rectangular counterpart.

Fig. 3. Comparison for MNMM-HMM of rectangular and triangular windows. The
sizes refer to the horizontal size of Xt using a rectangular window. The triangular
window is the one that achieved the best performance reported in Fig. 2.
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Conclusion

In this work, the novel concept of triangular window is investigated. The goal
of the triangular window is to take into account the fact that changes in lowerfrequency signals cannot be detected rapidly. Therefore, by modifying the concatenation strategy of features depending on their frequency, the model managed
to incorporate more useful information while avoiding adding confusing information. In order to avoid over-fitting and matrix inversion problems, we selected
MNMM which is the matrix equivalent of GMM.
The performance was evaluated on the spoken connected digits database
Aurora 2. The reference models were the GMM-HMM along with HTK. Even
though MNMM-HMM did not outperformed HTK, due to some training procedures that were not implemented, it increased the classification results of GMMHMM by about 4.63% on average. Finally, the triangular window was compared to the rectangular window that inspired this work. It was observed that
MNMM-HMM had better results when incorporating frequency dependencies to
the concatenation of adjacent frames.
We plan to apply our approach to other existing models such as HTK and
deep belief network HMM. For DBN-HMM, the triangular window could reduce
the number of neurons on the input level to allow deeper networks to be trained.
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