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ABSTRACT

Speech coding systems for mobile communication
have to cope with noisy channels. In particular, vec-
tor quantization as central data reduction scheme is
highly sensitive to transmission errors due to the low
redundancy in the encoded data. Here we present
three methods for the design of a vector quantizer
with enhanced robustness against transmission er-
rors. First the optimization of the index assignment
of a LBG vector quantizer via simulated annealing
is investigated. Second a neighborhood conserving
vector quantizer is designed by using a topology con-
serving feature map. Third we discuss a method in
which the error characteristic of the channel is used
in the optimization of a vector quantizer as well as
in the quantization of a data vector. Simulation ex-
periments and results for a binary symmetric channel
with bit error probabilities up to 10% are presented
for vector quantization of speech signals and predic-
tor parameters.

1 INTRODUCTION

Speech coding systems have to operate in future
telecommunication networks at very low data rates
due to the strongly limited transmission bandwidth.
Nevertheless a high speech quality independent of
language and speaker should be provided. Linear
predictive coding schemes comply with these require-
ments. In these schemes the encoder makes use of a
model of the human vocal system. The parameters of
this model are coded and transmitted to the receiver.
Vector quantization (VQ) of the parameters can be
used for an efficient encoding [1]. Unfortunately, by
lowering the data rate in use of VQ the sensibility
to transmission errors is increased. The elimination
of redundant parts of the signal leaves only relevant
information. The distortion of this information can
lead to a high loss of speech quality.

In communication systems with high error rates, for
example in mobile radio systems, a stable decoding
process and a fair quality even at very high error
rates must be guaranteed. Therefore, speech coding
systems are provided with channel coding techniques
to reduce the error rate to a level which is acceptable
for the application [2]. This causes a drastic increase
in the overall data rate. For example the european
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standard speech coding technique for mobile commu-
nication (GSM full rate codec) as well as the GSM
half rate codec, which makes use of VQ, need more
than 40% of the overall data rate for channel coding
purpose [3].

The paper is organized as following. First we present
the model for a noisy transmission channel used for
design and test of the robust vector quantizers. Then
we discuss the principles of three methods for the de-
sign of a robust vector quantizer, namely LBG with
index assignment via simulated annealing, neighbor-
hood conserving VQ on the basis of a topology con-
serving feature map (TFM), and channel optimized
vector quantization (COVQ) in which the optimiza-
tion criterion used for codebook calculation as well as
for assigning the optimum index during quantization
is modified due to the error statistics of the chan-
nel. Then, simulation results for applications of the
different methods in quantizing speech and predictor
parameters arising in a predictive coding scheme are
presented.

2 CHANNEL MODEL

To simulate data transmission over a disturbed chan-
nel a stationary model will be used. The characteris-
tics of the transmission channel can be described by
the transition matrix

T={PGE)} 4j=0,..,K-1, (1)

where P(j|¢) denotes the probability to receive index
J if index 7 was transmitted and K 1s the number of
indices. In the following a binary symmetric channel
with bit error probability ¢ is assumed. In this case
P(jl7) is given by

P(jli) = EdH(iaj)(l _ E)Id(K)—dH(i,f)’ (2)

where dy (4, j) is the Hamming-distance of the indices
¢ and j. For example, with ¢ = 1% and K = 4 the
matrix T is given by

0.9801 0.0099 0.0099 0.0001
0.0099 0.9801 0.0001 0.0099
0.0099 0.0001 0.9801 0.0099
0.0001 0.0099 0.0099 0.9801
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3 METHODS FOR ROBUST
VECTOR QUANTIZATION

3.1 Optimization of Index Assignment by
Simulated Annealing

The optimization of the index assignment of a vec-
tor quantizer is a computationally very complex task
because there exist with K vectors K'! different ways
to order the codebook indices. Tasks of this kind are
called NP-complete and simulated annealing [4] is an
efficient method to reach a locally optimum solution
nearly as good as the globally optimum solution.

Simulated annealing requires already trained code-
book vectors which can be generated for example by
the LBG algorithm [5]. To use simulated annealing
one first has to define an optimization criteria for an
index assignment. An optimization criteria which is
independent of the used training data is the mean
squared error

K-1K-
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that is caused by confusions of indices due to channel
errors. In (3) is assumed that each codebook vector is
equally likely used. This optimization criteria can be
motivated by splitting the mean total error according
to

Dot = D¢ + Dg, (4)

where Dg results from VQ and D¢ results from
transmission errors. To evaluate the error (3) the
conditioned transmission probabilities P(j|¢) of the
indices are required.

In order to compute an optimized index assignment
two indices are swapped and Dg¢ is evaluated. If the
resulting Dc-value is lower than before the new as-
signment is kept. Otherwise the index swap is ac-
cepted with a probability of

w = exp (”%DC), (5)

where ADc is the difference of the Dc-values before
and after index swapping. © is defined as “temper-
ature” parameter of the codebook and is decreased
depending on the training progress T and the param-
eter v according to

0=9"0, 0<y<1. (6)

It is important to note that simulated annealing will
not affect the quantization accuracy in the error-free

case because the codebook vectors themselves are not
modified.

3.2 Topology Conserving Feature Map

A topology preserving feature map (TFM) as pro-
posed by Kohonen [6] consists of two layers. A layer
of N7 = n input neurons where data vectors are fed
intc a TFM and a layer of Nx output neurons each
receiving signals from all input neurons.
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A Nj-dimensional weight vector w; is assigned to
each output neuron n;, j=0,...,K — 1. The ac-
tivation arising from a data vector z in the output

neuron n; is given by
hj = |le — ;> M

By chosing that neuron with highest activation a
TFM operates as a vector quantizer with a codebook
consisting of the weight vectors. In contrast to a vec-
tor quantizer a metric d(., .) between the output neu-
rons can be defined leading to neighborhood regions
in the layer of output neurons.

During the training procedure of a TFM all weight
vectors of the neurons in the neighborhood of the
neuron n; with highest activation for a data vector
z(t) are adapted according to

wi(t+1) = w; () + (1) (z(t) —w; (). (8)
The function 8(¢) is of Gaussian type, i.e.

0t) = aft)exp (- (di )/o()’)  (9)

and controlls via o(t) and ¢(t) the strength as well as
the region of the adaptation during the training itera-
tions. Due to this neighborhood oriented adaptation
the weight vectors will form a topologically ordered
structure.

Exploiting this property of a TFM a robust vector
quantizer can be designed. Using the Hamming-
distance of the indices of the output neurons for
defining neighborhoods, a TFM can be trained at
which neighboring output neurons possess similar
weight vectors. Thus, confused indices at the decoder
cause only small distortion as long as the Hamming-
distance between transmitted and received index is
small.

3.3 Channel Optimized Vector Quantization

An improvement of the inherent robustness of a
vector quantizer against transmission errors can be
achieved by taking the error characteristics of the
transmission channel into account in the codebook
design as well as in the quantization process. There-
by, it is possible to minimize the expected reconstruc-
tion error in the decoder instead of the irrelevant
quantization error in the encoder [7]. Instead of the
squared error

dz,¢;) = llz - &ll® (10)
a generalized error measure is defined by
: K-1
d(z;i) = Y P(jlillz - ¢11? (11)
j=0

which is the expected squared error in the decoder
proviced that index ¢ is transmitted. Within COVQ
the index assignment rule for a data vector in the
encoder as well as the codebook vectors themselves
are modified. With known codebook vectors ¢; and
using the error measure (11) the assignment rule o
for a given data vector z is defined by

i" = az) = argmin J(_x_,z) (12)
K
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The optimum index ¢* is choosen by taking all code-
book vectors ¢; into account. This index will be
transmitted over the channel and the expected er-
ror in the decoder will be minimum. A method to
reduce the complexity for finding the optimum in-
dex in n-dimensional VQ to K(2n + 1) operations is
proposed in [8].

In the codebook training the assignment rule implies

a partition of the space of the data vectors. Applying
(12) leads to the regions

R; = {z € R*|d(z;i) < d(z;),VI} i=0,..,K—1

(13)
consisting of those data vectors assigned to the index
i. For a given partition an optimum codebook vector

¢; can be computed as

K-1
EO P(jl) / p(z)zdz

R;

¢ = E{X|j received} = ——
£ Pl [ p@ie
1=0 IS

(14)
with p(z) as probability density function of data vec-
tor z. In the training process (13) and (14) are ap-
plied iteratively until a termination criteria is met.

4 SIMULATION EXPERIMENTS
AND RESULTS

4.1 VQ of Speech Signals

First the performance of the different methods for
enhancing the robustness of vector quantizers were
examined by quantizing speech signals limited to tele-
phone bandwidth. A training and test data sequence
of 27 seconds phonetically balanced german speech
was used. The bit error probability as well as the
dimension of the vector quantizer were varied while
the data rate was conserved to 2 bit/sample. The
quantization accuracy is measured in terms of signal-
to-quantization-noise-ratio (SNRQ) in dB. Table 1
shows the SNR()-values obtained in the simulation
experiments. For all methods can be seen that in the
error-free case the quantization accuracy of the vec-
tor quantizer increases for higher dimensions. In case
of a LBG-VQ the sensitivity to transmission errors is
high and this influences strongly the improvement
of vector quantization compared to scalar quantiza-
tion. The TFM performs in most cases better than a
LBG-VQ with index optimization via simulated an-
nealing exept in cases of simultaneous high dimen-
sions and high error probabilities. Overall the results
for the TFM are remarkable because the error prob-
ability is not taken into account during the training
of the TFM. COVQ outperforms the other methods
in particular for high dimensions and high values of
€. Comparative listening tests pointed out the ad-
vantage of COVQ especially for large error rates. In
these cases COVQ avoids high distortions.
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Table 1: SNR[dB] of quantized speech for different
error probabilities ¢ and dimensions n using LBG,
simulated annealing (S.-A.), TFM and COVQ for
codebook design

£ | 0% [1%[2%[5% [10%|
LBG,n=1] 6.69 [3.95]2.33]-0.45 [ -2.85
S-A,n=1| 6.69 | 395|233]-045]-2.85
TFM,n=1| 6.71 [ 497376 1.37 | -1.01
COVQn=1] 6.69 [4.67]3.81] 2.57 | 1.63

LBG,n=2 | 9.14 | 4.16] 2.03 | -1.11 | -3.51
S-A,n=2 | 9.14 | 588 | 4.08 | 0.98 | -1.64
TFM,n=2 | 960 | 6.49| 4.63 | 1.41 | -1.51
COVQn=2] 9.14 | 6.68 | 5.94 | 428 | 2.70

LBG,n=3 | 10.17| 429 2.04 | -1.10 | -3.39
S-A,n=3 | 10.17]| 7.20| 5.05| 2.28 | -0.35
TFM,n =3 | 11.41| 8.00| 6.31 | 1.55 | -2.08
COVQn=3|10.17| 833 | 7.19| 5.42 | 3.52
LBG,n=4 | 11.26| 4.95| 2.74 | -0.46 | -2.70
S-A,n=4{11.26|781|591| 3.07 | 0.16
TFM,n =4 | 12.10 | 8.26 | 6.24 | 3.00 | 0.17
COVQn=4|11.26|9.38|8.22 6.15 | 4.09

LBG,n=5 | 12.14] 5.33 | 3.07 | -0.08 | -2.16
S-A.,n=25|1214|8.296.20 | 3.28 | 0.77
TFM,n =15 | 12.61| 9.85| 8.23 | 3.15 | 0.67
COVQn=>5|1214|9.91| 879 | 6.64 | 4.53

4.2 VQ of Predictor Parameters

In further experiments robust VQ was applied for the
quantization of line spectrum frequencies (LSF). LSF
are parameters that describe a linear predictor, here
of order 10, in the frequency domain. The LSF can be
coded very efficiently using vector quantization, espe-
cially if a weighted distortion measure is used [9]. At
first the LSF were quantized by 10 dimensional full
search vector quantization (FSVQ) with 1024, 2048
or 4096 codebook vectors. Then split codebook vec-
tor quantization (SCVQ) consisting of vector quan-
tizers with dimension 2,4,4 was investigated [10]. As
a measure for the quantization accuracy the spectral
distortion SD in dB was used. Table 2 shows the
results. In the FSVQ scenario can be seen that for
high bit error rates COVQ performs always better
than a simulated annealing based vector quantizer
with twice as much codebook vectors. In compara-
tive listening tests the speech quality resulting with
COVQ was even higher than indicated by the differ-
ence in SD.

A further indicator for the quantizers performances
are the outliers, the percentage of speech frames with
a SD between 2 and 4 dB and greater than 4 dB. Ta-
ble 3 and Table 4 show the results. It can be seen that
COVQ in tendency reduces the percentage of outliers
greater than 4 dB, thereby producing a higher per-
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centage in the class 2 — 4 dB. This complies with the
listening tests, high distortions which can be heard
as characteristic bubbling noise, occur less often than
in a VQ with optimized index assignment.

Table 2: Mean SD-values of LSF at different error
probabilities € and data rates using simulated anneal-
ing (S.-A.) and COVQ for codebook design

[ e [0%]01%[05%[1%[2%][5%)]
FSVQ, 10 bit

S-A. [3.10] 3.14 | 3.30 [3.44[3.70 ] 4.41

COVQ [3.10] 3.14 | 3.26 | 3.42]3.67[4.07

FSVQ, 11 bit
S-A. [299] 3.03 | 3.20 | 3.36 | 3.67 | 4.55
COVQ | 2.99| 3.02 | 317 | 3.28 | 3.55 | 3.93
FSVQ, 12 bit
S-A. |284] 2588 | 3.06 | 3.23] 348 4.25
COVQ | 284 2.87 | 3.05 | 3.17 | 3.35 3.89
SCVQ, 24 bit
S-A. [ 138] 148 | 1.68 | 1.93] 2.30] 3.44
COVQ | 1.38| 1.48 | 1.68 | 1.90| 2.15 | 2.86

Table 3: Percentage of outliers between 2 and 4 dB
for SCVQ of LSF parameters with 24 bit at differ-
ent error probabilities £ using simulated annealing

(S.-A.) and COVQ for codebook design

| ¢ J0%]01%[05%[ 1% | 2% [5%]

S.-A. (940 10.71 | 15.28 | 19.01 | 24.92| 32.97
COVQ | 9.40 | 10.59 | 16.73 | 25.51 | 39.71 | 57.76

Table 4: Percentage of outliers greater than 4 dB for
SCVQ of LSF parameters with 24 bit at different er-
ror probabilities € using simulated annealing (S.-A.)

and COVQ for codebook design

| ¢ Jo%[01%[05%[1%][2%[5% |

S-A. [ 012 1.20 | 4.93 |9.27| 15.40| 35.26
COVQ|0.12| 1.08 | 4.09 |6.02| 5.17 | 15.28

5 CONCLUSION AND
PERSPECTIVES

Three methods for the design of robust vector quan-
tizers were investigated. Simulated annealing for op-
timum assignment of indices to the codebook vec-
tors reduces the distortion caused by index confusion
significantly. The same effect can be obtained us-
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ing a TFM as vector quantizer where the Hamming-
distances of the indices are used in the training. This
is remarkable because the error characteristics of the
chamnnel are not concidered during the optimization of
the TFM. Furthermore, a channel optimized vector
quantizer was investigated which takes into account
the error statistic of the transmission channel dur-
ing the codebook training as well as the quantization
process. The simulation results show that for a sta-
tlonary transmission channel with known error char-
acteristics COVQ is superior to LBG-VQ with simu-
lated annealing as well as to VQ based on a TFM.

Currently we are investigating methods for reducing
the sensitifity of COVQ against a mismatch between
the error statistics COVQ is designed for and the
actually occuring statistics.
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