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Abstract

There has been much effort to realize speech
recognition technology in digital wireless network. All
we concern about is to provide reliable performance at
low transmission rate. In this paper, we first introduce
some basic concepts about DSR (distributed speech
recognition), and then we discuss the effects of vector
quantization and channel noise on recognition
performance.

Keywords: DSR (distributed speech recognition),
vector quantization.

People have dreamt of a universaly accessible
infformation  database even before computer
networking was invented. It is not until the 1990's
have the technologies caught up to make such concept
possible. The commercialization of the Internet and
the invention of the World Wide Web (WWW) has
prompted the creation of a universe of virtualy
unlimited, network-accessible information that range
from private, secure databases to free, publicly
available services. Such typical examples as digital
libraries, virtual museums, distant learning, network
entertainment, network banking, and electronic
commerce have indicated that this globa information
network will soon become a physical embodiment of
the whole human knowledge, and a complete
integration of the global information activities. As the
global information network evolves, efficient while

user-friendly  technologies for accessing the
information infrastructure becomes increasingly

important. Traditionally, the information infrastructure
is accessed through a computer that is physically tied
to a network. Commands are entered into the computer
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by the use of the keyboard and the mouse, while the
retrieved information is displayed on the screen.
Although reliable and economical, this mode of
accessing the global information network will become
increasingly inadequate as we progress into the 21st
century.

The success of broadband wireless technologies
will bring a new dimension into the way the above
information is accessed or retrieved. Since full
mobility support is possible, the user will no longer be
congtrained by the tether of the wire. The data rates of
the future broadband wireless systems range from 384
kbps (third-generation cellular systems) to a few Mbps
(broadband wireless access) to 10s of Mbps (wireless
LAN), which are capable of carrying multi-media
traffic. Therefore, with the successful deployment of
broadband wireless communication systems, users
should in principle be able to access the global
network infrastructure at any time and from anywhere.
However, as the size of the wireless terminal shrinks,
traditional keyboard or keypad input and screen output
becomes increasingly inconvenient. Therefore, an
efficient, flexible, and user-friendly approach
especialy suitable for broadband personal wireless
communicators is an important enabling factor for
desired “anytime, anywhere” access to the information
infrastructure.  Speech is one of the most natural and
user-friendly mechanisms for information access, and
spoken language processing technologies, after
diligent research efforts for decades, have matured to a
point where many useful and commercially beneficial
applications become feasible recently. Therefore, a
good integration of advanced spoken language
processing and broadband wireless technologies will
be a key factor for the evolution of a wireless
information community from the success of broadband
wireless. DSR (Distributed Speech Recognition) is a
client/server approach for speech recognition, where
the client refers to the mobile terminal, while the
server is a computer physically connected to the
network infrastructure. In the following, We first
introduce speech recognizer and then consider how to
deploy the recognizer to the wireless communication
systems.

Today's state-of-the-art speech recognizers are
based on satistical techniques, with hidden Markov
modeling being the dominant approach. The typical
components of a speech recognition and understanding
system are the front-end processor, the decoder with
its acoustic and language models, and the language



understanding component. The latter components
extracts the meaning of a decoded word sequence and
is an essential part of a natural language system. The
remainder of this paragraph briefly reviews the
frond-end and the decoder. The front-end processor
typically performs a short-time Fourier analysis and
extracts a sequence of observation vectors (or acoustic
vectors) X=[Xy,Xa,...,X7]. Many choices exist for the
acoustic vectors, but the cepstral coefficients have
exhibited the best performance to date. The decoder is
based on a communication theory view of the
recognition problem, trying to extract the most likely
sequence of words W=[W,, W,,...,W\] given the set
of acoustic vectors X. This can be done using Bayes
rule
PIwiPxXw)
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The probability P(W) of the word sequence W is
obtained from the language model, whereas the
acoustic model determines the probability P(X|W). In
HMM-based recognizers, the probability of an
observation sequence for a given word is obtained by
building a finiteestate model, possibly by
concatenating models of the elementary speech sounds
or phones. The state sequence S=[ S, S,,..,S¢] is
modeled as a Markov chain and is not observed. At
each state S and time t an acoustic vector is observed
based on the distribution bg=p(x; | ), which is called
output distribution. Because HMM'’s assume, for
simplicity, that observations are independent of their
neighbors, first- and second- order derivatives of
cepstral coefficients are included in the acoustic vector
X If the acoustic vector generated by the front-end is
passed directly to the acoustic model, then
continuous-density distributions are used, with the
multivariate-mixture Gaussians the most common
choice
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where p(wj|s) is the weight of the i-th mixture
component in state s and N(OGu ; X ) is the
multivariate Gaussian with meany  and covariance .
In this work, we use continuous-density HMM's with
mixture components that are shared across HMM
states. Continuous density HMM'’s exhibit superior
recognition performance over their discrete-density
counterparts. From the above we can know that
decoder with its acoustic model and language model
has much more computation work than feature
extraction does.

Then consider two basic observations. Firstly,
the mabile client should not do too complicated work
so that the kinds of client are not limited. Secondly,
speech recognition needs only a smal part of
information that speech signal carries, and thus we can
reduce transmission rate to save bandwidth if we only
transmit the necessary information. Based on the two
observations above, we can deploy the DSR system as
follows. The mobile client may perform only the

feature parameters extraction and compression. The
compressed feature parameters are then transmitted
over an error-protected wireless channel to the server,
which is in charge of more complicated tasks of
large-vocabulary speech recognition.

To advanced reduce transmission rate, we
should do vector compression on the extracted feature

vectors. But vector quantization will introduce
guantization noise. Besides, different vector
quantization will resulting different recognition

performance: We can divide the acoustic vector into
some sub-vectors with lower dimension and then do
vector quantization on these sub-vector [1] . We find
that different methods of grouping of sub-vectors lead
to different results, and different size of codebook that
assigned to the sub-vector also gives different results
because usualy the lower-dimension is more
important. In our work, we will do some experiments
to demonstrate those mentioned above. In addition, we
know channel impairment will introduce errors to the
transmitted featured vectors. In our work, we will
design experiments to investigate the effect of channel
noise brings.

In our experiment, we perform digit recognition
and we use HMM as our model and MFCC as our
feature set. Our training data and testing data are from
Num-100, which is collected from 50 males and 50
females speakers through microphones. Training data
are composed of 1000 single-digit utterances from
1000 files. We choose two sets of testing data: A set
is composed of 1000 single-digit utterances from
another 1000 files; B set is composed of 480 files with
arbitrary length from single digit to seven digits. In the
following we design two experiments to analyze the
effect of vector quantization and the one of
transmission error separately.

Firstly we investigate the effect of vector
guantzation. We group two subsequent dimensions
into a sub-vector and leave the energy component as
an another sub-vector, and thus we obtain 7 ub-vectors.
We only use testing data A set. We assign every
sub-vector codebooks with different sizes. The result
(Word Correction) is listed in Table.1. Note that word
correction is defined as all words subtracted by
substitutions and by deletions. In column 1 we list
number of bits for sub-vectorl,
sub-vector2, ... ,sub-vector7, etc. In column 2, 3, 4, 5,
6, we list number of mixtures per model. Results of
recognition without VQ are also given in row 1. Our
goad is to find the optima hit-alocation for
sub-vectors at fixed transmission rate. At bit rate= 3.5
kbps, we find that the optimal bit-allocation is
7665543, At this rate al results are similar, but if we
take a close look at these data, it is obvious that we
can obtain better result if we assign more bits for
lower-dimension sub-vectors. At hit rate=3.4 kbps, the
optimal bit-allocation is 6665443, and we also can
obtain similar observation.

Then we investigate the effect of noise. Again



we group two subsequent dimensions into a sub-vector
and leave the energy component as an another
sub-vector, and thus we obtain 7 ub-vectors. We fix
bit-allocation as 5555555. Testing set A and B are
both used, and we give word correction and sentence
correction (al list word in a sentence are matched) as
resultsin Figure 1, 2, 3, 4. Note that all deep blue line
are given as results for no VQ and error-free condition;
al pink line are given as results for VQ and error-free
condition; al yellow lines are given as results for VQ
and BER=0.01; all blue lines are given as results for
VQ and BER=0.001; al purple lines are given as
results for VQ and BER=0.0001; al red lines are
given asresults for VQ and BER=0.00001. From these
four figures we can know that if BER is 0.001,
difference of recognition accuracy will not be higher
than 4 %. If BER is below 0.001, the recognition
accuracy is similar to whose BER = 0.001 without too
much improvement Also we can observe that as
number of mixtures increase the difference will be
much lower.

From the two paragraphs above, we can
conclude that: Under the same sub-vector structure
and the bit rate is fixed, if we allocate more bits for
lower dimension sub-vectors we can obtain better
recognition performance; if we can reduce channel
error to the degree of 107 the recognition
performance will be no longer dominated by channel
noise.

Tablel word correction obtained from different
sub-vector grouping

Bits per 1 2 3 4 8 Bit
sub-vector|mixture| mixture | mixture | mixture | mixture | rate(kbps
S S S S )
NOVQ | 9401 | 95.60 | 97.20 | 98.00 | 98.20
5555555 | 92.81 | 9491 | 97.20 | 97.50 | 97.90 35
6666666 | 93.31 | 95.50 | 97.00 | 97.80 | 98.00 4.2
6664446 | 9251 | 95.60 | 96.70 | 97.40 | 97.90 3.6
6664442 | 90.61 | 93.91 | 95.10 | 96.50 | 96.90 3.2
6655443 | 9251 | 95.30 | 96.80 | 97.80 | 98.00 33
6664444 | 92.71 | 95.80 | 96.80 | 97.10 | 97.50 34
6655443 | 92.81 | 94.71 | 96.70 | 97.70 | 97.50 33
6655444 | 92.71 | 95.10 | 96.60 | 97.70 | 97.80 34
6665443 | 93.01 | 95.20 | 96.60 | 97.50 | 98.00 34
6666543 | 92.81 | 9540 | 96.90 | 97.70 | 98.20 35
7665543 | 93.21 | 95.70 | 97.10 | 97.80 | 98.20 35
7765443 | 93.31 | 95.00 | 96.90 | 97.70 | 98.00 35

The results above give us some senses about
the effect of quantization error and transmission error.
We plan to lower transmission bit rate to about 2 kbps
without degradation of recognition performance. Then
we hope to find an adaptation rule so that under
different transmission environment we can use suitable
VQ codebooks to obtain better recognition
performance.
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