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ABSTRACT

The delta coefficients are a conventional method to include temporal information in the speech
recognition systems. In particular, they are widely used in the gaussian HMM-based systems. Some
attempts were made to introduce the delta coefficients in the K-Nearest Neighbours (K-NN) HMM-
based system that we recently developed. An introduction of the delta coefficients directly in the
representation space is shown not to be suitable with the K-NN probability density function (pdf)
estimator. So, we investigate whether the delta coefficient could be used to improve the K-NN HMM-
based system in other ways. In this purpose, an analysis of the delta coefficients in the gaussian
HMM-based systems is proposed. It leads to the conclusion that the delta coefficients influence also
the recognition process.

1. INTRODUCTION

We have recently proposed the use of the K-NN pdf estimator as an alternative to the widespread
gaussian pdf estimator [1]. The K-NN estimator is known as one of the best probability estimator
provided that enough training data are available. A huge computational effort, its main drawback, has
been seriously reduced by the development of a fast K-NN algorithm. The estimator has been
integrated with few peculiarities in the HMM framework. The first experiments on a continuous
recognition task have shown comparable performance between an 8-gaussian HMM-based system
and a K-NN HMM-based system [2].

Thereafter, we have intended to upgrade the K-NN HMM-based system with the state-of-the-art HMM
techniques. The introduction of the delta coefficients in the representation space has seemed the
most straightforward technique to implement. Since its introduction [3], this technique has been
applied successfully to most speech recognition tasks. Other ways to incorporate temporal information
in the features of a HMM-based system have been investigated, such as Spectral Variation Function
[4], but none had allied so much effectiveness and simplicity than the delta coefficients. From a
discriminative point of view, some studies have even shown that it was preferable to keep the couple
of corresponding static and delta coefficients together rather than to enlarge the number of static
coefficients in the representation space [5]. Thus, the delta coefficients were introduced in the K-NN
HMM-based system.

In a first attempt, the static and delta coefficients are used jointly, which is the conventional
implementation in the gaussian HMM-based systems. In a second attempt, the static and the delta
coefficients are split into two streams. The total pdf was then obtained by multiplying the two stream
pdfs. Both methods offered no improvement compared to the baseline system. These attempts show
that the delta coefficients could not be implement in a K-NN HMM-based system as a simple growth of
the representation space.

However, an evaluation —described in Section 2- shows that the improvement in a gaussian HMM-
based system using delta coefficients is not only due to a better representation space but also to a
better segmentation during the recognition process. This latter point is to be clarified for being
reproduced in the K-NN HMM-based system. Two hypotheses are studied. The first one results from
a side effect of the use of the gaussian pdf estimator: since they are not normalised, the gaussian
pdfs could assign very high output probabilities to certain frames during the recognition process.
These frames will act then as anchor points of the recognition process. This particular problem is
shown to be related to the use of the delta coefficients. Finally, this point is shown -in Section 3- to
have no influence on the recognition results. The second hypothesis -developed in Section 4- is that
the delta coefficients induce a better fitting of the data to the HMM topology. An entropy measure
confirms this assumption. Then a new method directly connected to the temporal information brings



by the delta coefficients is presented to integrate them with much more profit in the K-NN HMM-based
system.

2. EVALUATION OF THE DELTA COEFFICIENTS

The improvement due to the introduction of the delta coefficients in a gaussian HMM-based system is
well-known for continuous recognition tasks. But, the evaluation of the whole system also requires the
evaluations of its different components so as to get insights in their contributions to the global
improvement. The evaluated components are: the pdf estimator, the dynamic warping within the
HMMs and the dynamic warping between the HMMs.

2.1. Evaluation Paradigm

The evaluation paradigm responds to the above-mentioned requirements through three series of
experiments:

» Frame identification

This experiment aims at assessing the pdf estimators apart from any segmental
modelling. The principle of the frame identification is to assign each frame issued from
the test data to its most probable phonetic class without any segmental considerations.
The decision rule is straightforward with the K-NN estimator: the most probable class is
the class having the highest number of nearest-neighbours of the frame. For the
gaussian estimator, a gaussian mixture has to be learned for each class. The mixtures
can be obtained using a k-means algorithm. Practically, the gaussian mixtures we use
come from the training a gaussian HMM-based system. So, each class was not
represented by a single mixture but by a set of N mixtures corresponding to the N states
of its HMM. The class probability of the frame is the highest of its gaussian mixture
values. The correct rate is computed from a one-to-one frame comparison between the
reference labelling and the identification labelling.

« Segmental identification
This experiment provides an assessment of the pdf estimators introduced in the HMM
framework. In this task, the boundaries of the phonemes are supposed to be known.
Each phonetic class is represented by a HMM. The gaussian pdf parameters are learned
by the Baum-Welch algorithm. The test-segments are warped with all the models using a
Viterbi algorithm. The identified class corresponds to the model with the highest warping
likelihood.

» Continuous recognition
This experiment is similar to the previous one except that the boundaries of the segments
are unknown. The sentences are warped using the Token Passing algorithm [6] with a
phonetic bigram language model. The accuracy rate takes account of the deletions and
the insertions of phonemes.

Each experiment is performed with 3 different pdf estimators: the gaussian estimator with static
coefficients, the gaussian estimator with static and delta coefficients and the 50-NN estimator. The
gaussian pdf estimator is an 8-gaussian mixture. The HMMs are 3-states left-to-right Bakis model with
central skip.

Computed each centi-second, a frame is represented by 12 Mel-Frequency Cepstrum Coefficients
and by the energy coefficient. The delta coefficients are computed using the following regression
formula:
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where D; is a delta coefficient at time t corresponding to the static coefficient s;. These coefficients
approximate the slope of the time variation of the corresponding static coefficients. The length of the
interval was set to five frames (n0=2), representing 50 ms. The experiments were carried out on the
TIMIT database. The core-test is the usual subset of the test (192 sentences including 57,919
frames). The TIMIT reference-labelling [7] is used for the classification of the training frames. Figure 1
summarises the results on the core-test for the three series of experiments. The results are detailed
by phonemes in Table 2 (inserted at the end of the paper).
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Figure 1: Results for the three series of experiments on the TIMIT core-test

2.2. Evaluation Analysis

As far as only pdf estimator is considered, it is noticeable that the 50-NN estimator is of better quality
than the gaussian estimator. The frame identification reveals that the 50-NN estimator obtains better
identification rate even when the gaussian estimator is used with twice as many coefficients. On the
other hand, the segmental identification and continuous recognition show that this quality is not much
reinforced by the introduction of the 50-NN estimator within the HMM framework.

Considering the gaussian estimator, the introduction of the delta coefficients increases the results in
the three experiments. Nonetheless, these improvements are not equally shared among all the
phonemes (cf. Table 2). But no particular phonetic macro-class seems to benefit more. Moreover, it
can be stated that the gaussian HMM-based system used without delta coefficients has its
performance decreasing between the segmental identification and the continuous recognition. A high
level of deletions accounts for that fact. Whereas, with delta coefficients, the gaussian HMM-based
system makes profit of the segmentation to correct ambiguous segments during the continuous
recognition process.

From this last point, it can be concluded that the delta coefficients have a beneficial influence in the
segmentation during the recognition process. In a fist step, we will verify that this does not result from
a side effect of the gaussian pdf estimator computation.

3. ANCHOR POINTS DURING RECOGNITION PROCESS

In the theoretical formulation of the HMM, the states are emitting symbols with a given output
probability. With non-parametric representations, these probabilities are directly estimated from real
data points. With continuous parametric representations, since probability distributions are considered,
the probabilities are extrapolated from probability density functions. One major difference is the loss of
normalisation. Most of the time, since variances are very similar among all pdfs, the pdf values
represent a convenient estimate of the output probabilities. But, when the variances become different
and low-valued, some “resonance” effect can appear. The “resonance” effect is characterised by pdfs
giving very high output probability values to their most probable frames. This frames can then be
considered as anchor points of the recognition process.

In the case of the gaussian pdfs, the output probability of state s for the frame vector o, of dimension
n is computed from the formula:
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where M is the number of mixture components, c., is the weight of the m"“* component, u._is the mean
vector and X the covariance matrix. From this formula, it can be seen that r is the maximum
probability value that can be reached by the gaussian pdf. Thus, when 7 becomes very high, frames
closed to the mean vector will produce a “resonance” effect. Figure 2 represents the histogram of the
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logarithms of factor 7, computed from the 1,152 gaussian pdfs of the 8-gaussian HMM-based system
with static coefficients and with static and delta coefficients. As the pdfs estimate probabilities, =
being equal or inferior to 1 seems a reasonable constraint. If 90% of the gaussian pdfs could conform
to this constraint when static coefficients are used, this proportion fails to 7% when delta coefficients
are involved.
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Figure 2: Histogram of the maximum of log probability in a 8-gaussian HMM-based system

The impact of the “resonance” effect is estimated on the continuous recognition task on the TIMIT
core-test (cf. third experiment in previous section). The “resonance” effect is not marginal since it
occurs with 23% of the 57,919 frames. Some attempts are made for removing the “resonance” effect.
In the first case, the output probabilities overstepping 1 are cut to 1. Somehow crude, this method has
only decreased the recognition rate by a 1%, which is under the confidence interval. In the second
case, when a ‘resonance” effect appears, the output probabilities of all states for that frame were
divided by the “resonance” peak so as to keep the better output probability always under or equal to 1.
This experiment has shown no difference in the recognition rate.

These experiments do not show that the recognition process is sensitive to the “resonance” effect.
Moreover, the silence classes (¢!, sil) account for 30% of all the “resonance” frames and yet they were
correctly recognised without delta coefficients (see Table 2). Then, the influence of the delta
coefficients on the recognition process does not appear to be the fact of the pdf computation.
Consequently, we look for the improvement due to the delta coefficients in the relation between the
data and the HMM topology.

4. FITTING OF THE DATA TO THE HMM TOPOLOGY

If we refer to information theory, an HMM topology can be considered well fitted to the data when its
states plays an almost equal role. This means, theoretically, that more the model is closed to the
equiprobability more it will be efficient. The model entropy is a good criterion of the “goodness of fit”.

The HMM is regarded as a source from which could arise 1 different symbols. In this case, the
symbols are the states of the model. The computation of the model entropy requires the estimation of
the frequencies of occurrence of the states. These frequencies are related to the unknown (hidden)
state sequences of the data segments through their corresponding models. The segments are warped
using the Viterbi algorithm, which provides the best state sequence. The model entropy can then be
compared to the theoretical one corresponding to an equiprobable model. A source emitting L
symbols with equal probability has an entropy value of 1og, L. In the case of 3 states Bakis models,

L equals 3. The average model entropy values are given in Table 1 for the 8-gaussian HMM-based
system on the TIMIT core-test used with static coefficients (S) and with static plus delta coefficients
(S+D).

Table 1 shows that the models used with delta coefficients have an entropy closer to the theoretical
entropy of a 3-states model. This result confirms the relation between the introduction of the delta
coefficients and a better fitting of the data to the HMM topology. To take advantage of these
preliminary results, an attempt is made by restricting the use of the delta coefficients in a K-NN HMM-
based system to their temporal aspect.



Systems S  S+D Theoretical Maximum

Entropy 151 1.56 1.59

Table 1: Average entropy for the systems s with static coefficients (S) and
the models with static and delta coefficients (S+D)

In the purpose, the delta coefficients are no more considered to bring phonetic information and are
labelled according to time classes (e.g., start, middle and end). The static and delta coefficients are
split in two streams. The static stream gives a phonetic probability to each model and the delta stream
gives a temporal probability to the states. The temporal probability due to the delta stream depends
only on the order of the considered states (the first state is associated with the start time class, and so
on). The state output probability is obtained by multiplying the two streams. The preliminary
experiment of this new technique on a continuous recognition has not yielded to improvement.

5. CONCLUSION

Some attempts have been made to improve the K-NN HMM-based system by the introduction of the
delta coefficients. Their simple addition to the representation space results in no improvement since
this method is not suitable for the K-NN pdf estimator. Then, a new technique has to be found to
benefit from the temporal information of the delta coefficients in the K-NN HMM-based system.

An analysis of the delta coefficients in the gaussian HMM-based system has shown that they have a
beneficial influence in the recognition process. A first experiment is made to verify whether this
influence is not due to a side effect of the gaussian pdf computation. As this hypothesis is not verified,
we have investigated the relation between the introduction of the delta coefficients and a better fitting
of the data to the HMM topology. This hypothesis has been verified through an entropy measurement.

A new method is presented for integrating the delta coefficients in the K-NN HMM-based system. The
principle is to use the delta coefficients considering temporal classes rather than phonetic classes. No
significant improvement has been obtained, but this method will be investigated more thoroughly.

Our future works will also consist in improving the introduction of the K-NN pdf estimator in the HMM
framework since the K-NN HMM-based system does not benefit as it should from the quality of the K-
NN pdf estimator. If we refer to the gaussian HMM-based system, a substantial improvement could be
obtained.
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Table 2: Results of the three series of experiments on the TIMIT core-test detailed by phonemes



