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Abstract

1.1 Exploiting the bandpass property

Features for automatic speech recognition (ASR) are
typically sampled at about 100 Hz (10 ms analysis step).
Recent experiments indicate that the most ecient components of the modulation spectrum of speech for ASR
are up to about 16 Hz [1]. Consequently, RASTA processing attenuates modulation frequencies higher than
16 Hz and should in principle allow for a subsequent
down-sampling of the features.
It has been shown earlier that in a Gaussian mixture model based speaker recognition system(which uses
single state HMM, thus not requiring any time alignments of the incoming speech) one could down-sample
the speech representation after RASTA ltering without
any signi cant loss of performance [2]. However since
ASR uses Viterbi time alignment, reduced number of
time samples due to down-sampling, although justi ed
by Nyquist criteria after the low-pass ltering, could
create problems.
In this paper we experimentally show that the downsampling of features after RASTA ltering is feasible
and could result in considerable computational or at
least storage/transmission savings.

RASTA lters out the fast (and slow) changes of spectral components over time. Since fast changes (high
modulation frequency components) are eliminated by
RASTA ltering, the Nyquist criterion would suggest
that the RASTA ltered features could be sampled at
a sampling rate slower than that of original non- ltered
features(Fig 2).

1.2 RASTA-PLP
In our case (RASTA-PLP) [5] the RASTA ltering is
performed on trajectories of log critical-band spectral
energies. After RASTA bandpass ltering, the trajectories are band-limited to around 12 Hz. PLP cepstral
features are extracted from the resulting representation
by an all-pole modeling which ts the spectral frames
to yield autoregressive coecients. For ASR, these are
then typically converted to the model cepstra coecients.
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Speech contains many source of information such as
information about the linguistic message, about the
speaker of the message, and about the communication
channel used for the recording and transmission of the
speech signal. For a given task, it is helpful to retain relevant source of information in extracted features while
suppressing the irrelevant ones.
In ASR, the task is to decode the linguistic message
This linguistic message is coded in the movements of the
vocal tract. The speech signal re ects these movements.
The rate of change of the non-linguistic components in
speech often lies outside the typical rate of change of the
vocal tract shape. The RASTA [3] and LDA [4] techniques take advantage of this fact and bandpass lter
time trajectories of speech feature vectors.
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Figure 1: Proposed System
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Figure 2: Filter bank Trajectories

2 Thesis

The experiments were performed for 3 states 5 mixture and 5 state 3 mixture models using HTK toolkit
[7].

According to Nyquist criteria if

4 Results

fs  2:ws
where fs is the sampling frequency and ws is the bandwidth of the signal, the signal can be reconstructed from
its sampled version. Thus, we should be able to use the
down-sampled RASTA ltered features without any loss
in information (Fig 1).

4.1 Simple three-state phoneme models
For these simple models we have used the down-sampled
features directly and observed practically no degradation in performance (Table 1).

3 Experiment

Frame rate
Word error rate (%)
10ms(without down-sampling)
9.07
20ms(with down-sampling by 2)
9.08

We have used a subset of OGI Numbers corpus [6] for the
recognition experiments. It consists of continuous spoken digits with utterances one to seven digits long. The
training set consists of 2546 utterances and the test set
contains 2156 utterances. Eight RASTA-PLP cepstral
features along with delta and delta-delta were used at
10ms frame rate with and without down-sampling. For
down-sampling case we dropped every alternate frame
during training. As we were mainly interested in comparisons of the original and down-sampled features, a
simple HMM recognizer used for these experiments consisted of 23 context-independent phoneme models.

Table 1: With 3 state 5 mixture models

4.2 More complex ve-state phoneme
models
However, in some situations the more complex models
may be desirable. Thus, when we increased the complexity of our context independent phone models to ve
2

states, word error rate decreases as seen in table 2. Unfortunately, in such a case some phones may contain
fewer frames than the number of states in the phone
model and (as was in our case after down-sampling) may
fail to train. In this case our solution was to explicitly
interpolate the available down-sampled representation
prior to Viterbi search. We have observed that even the
very simple linear interpolation yields the same performance as with original features (Table 2).
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Frame rate
Word error rate (%)
10ms(without down-sampling)
8.01
10ms(with Interpolation)
8.01
Table 2: With 5 state 3 mixture models
Of course, in this case, we lose the advantage of faster
Viterbi search. Still, this solution may be attractive
when the speech features need to be stored or transmitted, since one only needs to store or transmit the
down-sampled representation.

5 Conclusions
As predicted by Nyquist criterion, the band-pass characteristic of RASTA lters allows for down-sampling the
feature representation. This has been previously found
useful in Gaussian mixture model based speaker recognition which does not explicitly use any temporal alignments [2].
In the current work we experimently veri ed that the
RASTA-processed down-sampled features can also be
used in ASR. For phoneme models with simple temporal
structures, the down-sampled features can be used directly. Models with larger number of states may require
some minimum number of feature frames per phoneme.
In this case one could still store or transmit the downsampled features and interpolate the features in the classi er.
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