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Abstract
A new approach to sequence minimum mean-squared error
(SMMSE) decoding for vector quantization over channels with
memory is presented. The decoder is based on the Gilbert chan-
nel model that allows the exploitation of intra-vector correla-
tion of bit error sequences. We apply the memory-enhanced
SMMSE decoding algorithm to channel error mitigation in dis-
tributed speech recognition. Experiments on Mandarin digit
string recognition task indicate that with the aid of Gilbert chan-
nel characterization, the proposed scheme obtains better perfor-
mance than the ETSI mitigation algorithm under GSM channel
conditions.

1. Introduction
The increasing use of mobile communications has lead to dis-
tributed speech recognition (DSR) systems being developed. In
DSR architecture representative parameters of the speech sig-
nal are extracted at the mobile terminal and transmitted over
the wireless network to a remote speech recognition server. For
transmission acoustic features are grouped into pairs and com-
pressed via vector quantizers (VQs) in order to meet bandwidth
requirements. The VQ operates by mapping a large set of in-
put vectors into a finite set of representative codevectors. The
encoder transmits the index of the nearest codevector to the
receiver, while the receiver decodes the codevector associated
with the index and uses it as an approximation of the the input
vector.

Transmitting VQ data over wireless channels changes the
encoded information and consequently leads to severe degra-
dation in the recognizer performance. The ETSI Aurora DSR
standard [1] includes a basic error mitigation algorithm that
has been shown effective for medium and good quality chan-
nels. Better mitigation algorithms have been derived from the
joint source-channel decoding [2],[3],[4]. It was shown that
the combined use of source correlation and soft-output channel
decoding can effectively mitigate channel errors, even in poor
channel conditions. Conventional design approaches to joint
source-channel decoding can be grouped into two categories:
maximum a posteriori (MAP) and minimum mean-square er-
ror (MMSE). No matter which design scheme is used, special
care must be taken to ensure that actual error characteristics are
incorporated into the computation of channel transition proba-
bilities.

Most wireless channels are characterized by error bursts
due to the combined effects of fading and multipath propaga-
tion. A standard technique for VQ over a channel with mem-
ory is to use interleaving to render the channel memoryless and

then design a decoding algorithm for the memoryless channel
[2],[3],[4]. This approach, however, often introduces large de-
coding delays and does not utilize the channel memory infor-
mation. It is therefore believed that further improvement can
be realized through a more precise characterization of the chan-
nel on which the decoder design is based [5]. In this study,
we focused on the two-state Markov chain model proposed by
Gilbert [6]. This choice is motivated in part by its applicability
to performance analysis of error-correcting codes on channels
with memory [7], and partly because efficient methods [8] are
available for estimating Gilbert model parameters of the given
channel.

2. Aurora DSR Framework

The standard ETSI ES 202 212 (v.1.1.1) describes the speech
processing, transmission, and quality aspects of a DSR system.
The standard defines the feature extraction front-end and an en-
coding scheme for speech input to be transmitted to the speech
recognition system in the server. The feature extraction algo-
rithm produces a 14-element vector consisting of a log-energy
coefficient and 13 Mel-cepstrum coefficients ranging from �� to
���. For the cepstral analysis speech signals were sampled at
8 kHz and analyzed using a 25 ms Hamming window with 10
ms frame shift. These features are further compressed to a data
stream with a rate of 4800 bits/s for transmission. The compres-
sion is based on a split VQ where the set of 14 elements is split
into 7 subsets with two coefficients in each. Each feature pair is
quantized using its own codebook. Mel-cepstrum coefficients
�� to ��� are quantized with 6 bits each pair, ��� and ��� are
quantized with 5 bits, and �� and the log-energy are quantized
with 8 bits. The resulting set of seven index values is then used
to represent the speech frame for transmission.

In this work, the recognition of Mandarin digit strings is
considered as the task without restricting the string length. A
mandarin digit string database recorded by 50 male and 50 fe-
male speakers was used in our experiments. Each speaker pro-
nounced 10 utterances and 1-9 digits in each utterance. The
speech of 90 speakers (45 male and 45 female) was used as the
training data, and the speech of other 10 as test data. The num-
ber of digits included in the training and test data were 6796
and 642, respectively. The reference recognizer is based on the
HTK software package from Entropic. The digits were mod-
elled as whole word Hidden Markov Models (HMMs) with 8
states per word and 64 mixtures for each state. In addition, a
3-state HMM was used to model pauses before and after the
utterance and a one-state HMM was used to model pauses be-
tween digits. For recognition the 12 Mel-cepstrum coefficients
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and log-energy plus the corresponding delta and acceleration
coefficients are considered.

3. Transmission Scheme
Fig.1 gives the block diagram of the transmission scheme for
each feature pair. Given an input vector ��, the VQ encoder
searches through the codebook for the codevector �� that best
matches �� and then transmits the index �� � � to the receiver
in binary format. Here, the index � is regarded as an integer rep-
resenting the decimal equivalent of an �-bit binary codeword
���� � ��������� �������� � � � � ������, where �=5, 6, or 8 in
this work. The codebook consisting of � � �� codevectors,
� � ���� ��� � � � � �����, for each feature pair is specified in
the ETSI standard. One of the principal concerns in transmitting
VQ data over noisy channels is that channel errors affect the bits
that convey information about codevector indices. Assume that
the channel’s input �� and output �� differ by an error 	�, so
that the received bit combination is ������ � ������ � ���	��,

 � �� �� � � � �� � �, where � denotes the bitwise modulo-2
addition.

Although forward error control could be used to protect VQ
data, it would be more efficient to mitigate the effects of channel
errors without adding redundant bits. In this work, an attempt
is made to capitalize more fully on the channel memory char-
acteristics and then to develop a nonredundant VQ system with
increased robustness against channel errors. Instead of using a
conventional codebook-lookup decoder, we develop a sequence
MMSE (SMMSE) decoder which determines the optimal esti-
mate ��� of input vector at time � given a long sequence of chan-
nel outputs, denoted by observations ��� � ���� ��� � � � � �� �.
We have chosen the length � � �� in compliance with the ETSI
bit-streaming format, where each multiframe message packages
speech features from 24 frames. The receiver consists of the a
posteriori probability calculator followed by conditional mean
estimation, and includes two subsystems. The first subsystem
uses the sequence of channel outputs to compute the a poste-
riori probability  �����

�

� 	 for each of possibly transmitted in-
dices �� � ��� �� � � � �� � ��. By means of Bayes formula
of probability theory, the a posteriori probabilities can be ex-
pressed as
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where ������=P���� ���	 and ������=P���������� �
�

�	 are the for-
ward and backward probabilities, respectively. The second sub-
system computes the SMMSE estimate as follows:
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4. Memory-Enhanced SMMSE Decoding
Depending upon the choice of a posteriori probability calcu-
lator, a number of different decoder implementations can be
realized. In this work, we exploit the residual source redun-
dancy and channel memory information for better decoding of
VQ data over noisy channels. We first model the residual re-
dundancy by assuming that the transmitted VQ index sequence
forms a first-order Markov process with transition probabilities

 ��������	. With this assumption, the forward and backward
probabilities can be recursively computed as follows:

������ �

����
������

 ������ ��� ��� �
���

� �

�

����
������

 ��������� ��� �
���

� � �������������������� (3)

������ �

����
������

 ������ ����� �
�

������� �
�

��

�
����
������

 ����������� ��� �
�

�� �������������������� (4)

The effectiveness of the SMMSE decoding crucially de-
pends on how well the error characteristics are incorpo-
rated into the calculation of channel transition probabilities
 ��������� ��� �

���

� �. It is apparent from previous work on
channel modeling [5] that we are confronted with contrasting
requirements in selecting a good model. A model should be
representative enough to describe real channel behavior and yet
it should not be analytically complicated. To permit theoretical
analysis, we assumed that: (i) the error process 	� is indepen-
dent of the channel input ��, (ii) successive channel errors 	�
and 	��� are independent, and (iii) the error pattern ��	�� has
intra-vector memory in the sense that its 
th bit ���	�� depends
on ������	��� �����	��� � � � � ���	���. Now, taking on these as-
sumptions, we can rewrite the channel transition probabilities
 ��������� ��� �

���

� � as

 �	�� �

����
���

 ����	��������	��� �����	��� � � � � ���	���� (5)

The special case of (5) that will be used in the simulation is
a two-state Markov-chain model proposed by Gilbert [6]. This
model is relatively simple and can characterize a large variety of
channels, as evidenced its applicability to performance analysis
of various error-control schemes. The Gilbert model consists of
an error-free state � and a bad state �, in which errors occur
with the probability �� �. The state transition probabilities are
� and � for the � to � and � to � transitions, respectively. The
model state-transition diagram is shown in Fig. 2. Notice that in
the particular case of a Gilbert model with parameter values � �
�� � � �� � � ���, the channel model reduces to a memoryless
binary symmetric channel with the bit error rate (BER) �. The
effective BER produced by the Gilbert channel is � � �� �
������ 
 ��. Further, its channel transition probabilities can be
formulated as [9]

 �	�� � �
��
���

��������	���� (6)

where the initial state probabilities � � �����
 ��� ����
 ���,
� is a vector of ones, and ��������	��� in the matrix form
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5. Experimental Results

Computer simulations were conducted to compare the DSR per-
formances of SMMSE-based error mitigation algorithms to the
ETSI mitigation algorithm (ETSI-MIT). Two types of SMMSE
decoders are considered: SMMSE1 decoder is designed for the
memoryless binary symmetric channel, and SMMSE2 decoder
is designed for Gilbert channel. The memoryless assumption
of the SMMSE1 reduces the channel transition probabilities to
� ���� � �

��� � �����, where � is the number of ones occur-
ring in �����. Figure 3 presents Mandarin digit string recog-
nition results for the case where transmitted bits are subjected
to error sequences typical of the Gilbert channel with differ-
ent BER. The results of these experiments clearly demonstrate
that SMMSE2 is preferred to other error mitigation algorithms
and its performance gain tends to increase for noisy channels
with higher BER. The better performance of SMMSE2 can be
attributed to its ability to compute the a posteriori probabilities
taking intra-vector memory of the channel into consideration, as
opposed to the memoryless assumption made in the SMMSE1.

We next investigated the DSR results of a complete
GSM simulation using the CoCentric GSM library [10] with
TCH/F4.8 data and channel coding, interleaving, modulation, a
channel model, and equalization. The channel model represents
a typical case of a rural area with 6 propagation paths and a user
speed of 50 km/h. Further, cochannel interference was simu-
lated at various C/I (carrier-to-interference) ratios. Fig. 4 shows
the DSR performances obtained from transmission of VQ data
over the GSM data channel. In using the SMMSE2 scheme,
the channel transition probabilities have to be combined with
a priori knowledge of Gilbert model parameters which can be
estimated once in advance using the gradient method [8]. Ta-
ble 1 gives estimated Gilbert model parameters for the GSM
TCH/F4.8 data channels operating at C/I= 1, 4, 7, 10 dB. Sim-
ulation results indicate that the proposed techniques can match
the decoder design to GSM error patterns and that improved
performance requires better modeling of channel memory us-
ing the SMMSE2 decoder.

6. Conclusions

This study presented memory-enhanced extensions of SMMSE
decoding for channel error mitigation in DSR applications. We
first emphasized the importance of matching the real channel
behavior to the channel model on which the decoder design is
based. This task was accomplished by using Gilbert’s two-state
Markov chain model to characterize the statistical dependen-
cies in error occurrences. Simulation results indicate that the
proposed algorithm leads to a SMMSE decoder with increased
robustness to channel errors in GSM environments.
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Fig. 1. Transmission scheme for a DSR feature pair. 

Table 1: Gilbert model parameters for GSM TCH/F4.8 data channels.  

C/I (dB) 1 4 7 10

g 0.001 0.01 0.02 0.05

b 0.0197 0.0034 0.0022 0.0034

h 0.7528 0.6086 0.7511 0.9403

0.2353 0.0995 0.0247 0.0039



Fig. 2. Gilbert channel model. 

Fig.3. Recognition performances for transmission over a Gilbert channel. 

Fig.4. Recognition performances for transmission over a GSM channel. 


