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ABSTRACT

Multiple description coding is an appealing tool to guaran-
tee graceful signal degradation in the presence of unreliable
channels. While the principles of multiple description scalar
quantization are well-understood and solid guidelines exist
for the design of effective systems, the same does not apply
to vector quantization, with burdensome and not always sat-
isfactory design techniques.

In this work we show that good multiple description VQ
codebooks can be designed in a simple and efficient way by
resorting to the Self-Organizing Maps algorithm, where just
a few parameters must be reasonably selected. Experimental
results show that the proposed technique has a performance
comparable to a well-known reference technique based on
greedy optimization, but a much lower computational bur-
den. In addition, the resulting codebook can be itself opti-
mized, thus providing even better performance.

1. INTRODUCTION

Multimedia contents are becoming a larger and larger frac-
tion of the traffic on wireless networks. In this context, char-
acterized by bandwidth constraints and unreliable channels,
the design of efficient communication systems must take into
account the interplay between source and channel coding. In
many scenarios, the conventional error control approaches,
based on error detection and packet retransmission, are not
acceptable because of exceedingly long delays, significant
bit-rate overhead, or practical implementation issues [1]. In
such cases, Multiple Description Coding (MDC) represents
a valuable alternative since it allows, with limited overhead,
to obtain a graceful degradation of the decoded signal even
in the presence of one or more channel failures.

The simplest model of MDC, depicted in Fig.1, com-
prises only two alternative channels over which the infor-
mation is split. If both channels work properly, the signal
is reconstructed by the central decoder, with the full quality
allowed by the source coding technique1 at the given bit rate.
However, even in the case of failure of one channel, the sur-
viving side description will allow a reasonable reconstruction
of the source, although at a reduced quality. This paradigm
is therefore similar to scalable source coding, with the dif-
ference that, here, the descriptions are (in general) equally
important, and each one can be used by itself to recover an
approximation of the source. Needless to say, just like the

1Actually, the figure is drawn having already in mind the special case of
MDVector Quantization: the descriptions are just two scalar indexes i and j,
that are used to recover codewords from the side codebooks Y (1) and Y (2)

or, if both available, from the central codebook Y (0).
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Figure 1: Block diagram of a 2-description Vector Quantizer.

constraint of scalability entails a performance loss with re-
spect to unconstrained coding, the more stringent constraint
imposed by MDC leads to a further loss, that is the price to
pay in order to guarantee an acceptable performance on un-
reliable networks.

Theoretical results on MDC are quite scant, major con-
tributions are due to Ozarow [2] and El Gamal and Cover
[3] which provided the rate-distortion region for the spe-
cial but important case of memoryless Gaussian sources with
squared error distortion. Later on, Vaishampayan proposed
[4] a Lloyd-type algorithm for the design of MD scalar quan-
tizers, sheding some light on the importance of a suitable
index assignment, and suggesting some practical solutions to
this problem. After this seminal work, the research on MDC
has become very intense, with developments in several direc-
tions.

A topic of obvious interest is the extension of MD ideas
from scalar to vector quantization, that is, the design of
multiple-description vector quantization (MDVQ) systems,
so as to take advantage of the higher structural freedom, and
hence the potential gains, existing in a higher-dimensional
space. Such an extension, however, is not trivial, just because
of the index assignment problem, since codewords have a
natural order in a 1-dimensional space but not in spaces of
higher dimensionality. Some elegant solutions based on lat-
tice vector quantization have been proposed [5], but these are
not really general, since they work only with pretty regular
sources, and very large codebooks.

For the low-resolution case, the key problem is the de-
sign of a VQ codebook having a suitable index assignment,
and some techniques have been proposed lately for this task
[6, 7, 8] following two quite different approaches: i) design-
ing a VQ codebook which possesses a priori the desired in-
dex organization, or ii) designing a generic codebook and us-
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ing some other processing afterwards to reassign the indexes.
The first approach is certainly appealing, and the algorithm
proposed in [6], for example, is relatively simple, and gener-
ates a tree-structured codebook that can be readily used for a
multiple description VQ. However, it is also quite rigid as it
only allows for non-redundant descriptions, implying a sig-
nificant loss of quality for at least one of them. In addition,
tree-structured VQ is suboptimal, and hence also the central
decoder is suboptimal. As for the second approach, instead,
the major drawback is the computational complexity of the
index assignment problem which grows very fast with the
codebook size. A brute-force optimization can be used only
for very small codebooks, and one must therefore resort to
suboptimal techniques, such as the MDBSA proposed in [7]
which is a suitable modification of the well-known binary
switching algorithm (BSA) [9]. MDBSA pursuits an optimal
solution through local moves consisting in the reassignment
of just a few indexes at a time. At each step, only the best
move is accepted, until a local optimum is reached. MDBSA
provides generally good results but, despite the simplified
optimization path, its complexity is still prohibitive if the
codebook size is relatively large, especially if more than two
descriptions are considered.

In this work we propose a new technique for designing
low-resolution MDVQ systems based on Kohonen’s Self Or-
ganizing Maps (SOM) algorithm [10], also known as Learn-
ing VQ. The proposed algorithm is characterized by several
appealing properties
• the index assignment is decided in advance, with no need

for further rearrangements, hence our approach fits in the
first group mentioned before;

• the quality of the central codebook is unaffected by the
procedure, that is, it is comparable to that of uncon-
strained VQ;

• the computational complexity is quite limited, compara-
ble to that of the well-known Generalized Lloyd algo-
rithm;

• the algorithm is highly flexible: it works with any num-
ber of descriptions, be they redundant or non-redundant,
possibly asymmetric, etc.

In next Section we recall the functioning and the basic prop-
erties of the SOM, with special attention to its codebook or-
dering ability. Then Section 3 describes the proposed solu-
tion, Section 4 presents some sample experimental results,
and Section 5 draws conclusion and outlines future research.

2. SELF ORGANIZING MAPS FOR THE DESIGN
OF ORDERED VQ CODEBOOKS

The SOM can be seen as an improvement of the well-known
K-means clustering algorithm [11] also used for the code-
book design. In the K-means, the arbitrary initial codebook
Y0 = {yn ∈ Rk,n = 1, . . . ,N}, is gradually adjusted in re-
sponse to the submission of a training set. Specifically, for
each training vector xs the nearest codevector yns is singled
out and displaced towards the input

yns = yns + (s) (xs−yns), (1)

thus reducing coding distortion, on the average. The function
(s) controls the speed of adaptation to the training set. It is

rather large initially to quickly match the training set, and
then decreases slowly to zero to guarantee convergence and
fine tune the codebook.
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Figure 2: Three codebooks with different a priori index
structure designed for the same source.

The major improvement of the SOM with respect to the
K-means consists in the organization of the codebook ac-
cording to a desired structure, typically a regular lattice in
M dimensions. This is obtained by introducing some form
of mutual interaction between codevectors. Accordingly, the
adaptation formula becomes

yn = yn + (s) (s,n,ns) (xs−yn), n = 1, . . . ,N, (2)

where all codevectors, and not just the best matching, are up-
dated with each new training vector. The function (·, ·, ·)
is responsible for the strength of interaction among codevec-
tors: if codewords yn and ym are desired to be close in the
codebook, (·,n,m)must have a positive, and possibly large,
value, while a negative value will ensure that such codewords
will remain far apart. In any case, all interaction strengths
vanish as s goes to infinity, when the desired codeword orga-
nization has been already obtained so as to allow for a fine
tuning to the training set.

To gain some insight about the algorithm functioning,
one can think of codevectors as linked by springs or rubber
bands so that whenever one is displaced, during the learning
phase, it trails all linked codevectors with it. By properly
choosing the strength of each connection, namely, the inten-
sity of interaction between couples of codevectors, one forces
the codebook to assume the desired topology. An example
is shown in Fig.2, where three codebooks with different de-
sired structures are designed for the same source. All of the
codebooks adapt quite well to the input distribution, a bivari-
ate correlated Gaussian, but each of them preserves its own
topology due to the interaction among codevectors.

In practice, the mutual interaction function depends in its
turn on a measure d(n,m) of the distance among indexes. By
selecting a suitable index distance, one can obtain different
codebook structures and then address different problems in-
volving the use of ordered codebooks. For example, a linear
distance d(n,m) = |n−m| guarantees that codewords with
close indexes are also close in the Euclidean space, a prop-
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Figure 3: Example of MDSQ: (a) central quantizer, (b) index
assignment matrix, (c)-(d) side quantizers.

erty that can be used to carry out an effective compression
of the indexes output by a vector quantizer [12, 13]. The
use of a hamming distance d(n,m) = h(n,m), instead, pro-
duces a codebook with hypercubic structure, which allows
one to obtain a zero-redundancy protection of VQ indexes
from the effects of noise on transmission channels [12]. A
more complex index distance allows one to address the de-
sign of Trellis-coded VQ systems [14].

In the following section we will see that, by using the
SOM with suitable mutual interactions, we can easily design
good codebooks for Multiple Description VQ. Before that,
however, it is worth emphasizing that using the SOM in place
of the well-known Generalized Lloyd Algorithm (GLA) [15]
does not entail, in general, a performance loss. In fact, al-
though SOM codebooks are not optimal for the given train-
ing set, the increase in MSE with respect to the optimal (at
least locally) GLA codebooks is quite limited, especially if
a reasonably large training set is used. In addition, for out-
of-training data, SOM codebooks usually outperform GLA’s
[12] since each training vector is used to adjust several code-
words at a time, thus increasing the effective training set size.
As for the computational burden, although SOM performs
more updates than GLA for each training vector, it needs
a much smaller training set to reach near-optimality, and is
therefore less complex [16].

3. PROPOSED SOLUTION

To gain insight about the proposed solution, let us consider
for the time being the simple 2-description scalar quantizer
depicted in Fig.3. Assuming a uniform pdf for the input, the
10-level central quantizer shown in part (a) is optimal. Part
(b) shows a possible index assignment matrix (IAM), which
leads to the side quantizers shown in parts (c) and (d). For ex-
ample, the second cell of the first side quantizer is the union
of cells 3, 4 and 6 of the original central quantizer, and the

Figure 4: A 3-bit MDVQ codebook (small dots) with two
2-bit side codebooks (large dots).

corresponding optimal codeword is y(1)
2 = −7/30. Select-

ing a suitable assignment matrix is the central problem in
MDSQ: one should ensure that cells that appear in the same
row or in the same column of the matrix are as close as pos-
sible and, since the original cells are aligned along the x axis,
this is obtained by minimizing the index spread along rows
and columns, a well-known rule first suggested by Vaisham-
payan [4].

It is worth underlining, however, that minimizing the in-
dex spread is only instrumental to achieving the ultimate
goal, that is, ensuring that same-row and same-column cells
are close. In a higher-dimensional space, where cells are no
longer aligned, index spread is not so significant anymore,
and we should instead pursue directly the real goal.

We can do this quite simply by resorting to the SOM. As
a matter of fact, all that is required is to establish some at-
tractive mutual interactions among codewords that lie in the
same line. If the SOM is indeed able to enforce the con-
straints of interest, we can design a VQ codebook where
same-line codewords are actually close and, at the same time,
a high-quality reconstruction is guaranteed by the central de-
coder.

An interesting example is shown below with reference to
a 2-d correlated ( = 0.5) Gaussian distribution, for which
we want to design a 3-bit central decoder with two 2-bit side
decoders. To this end, we use the following IAM

1 2

3 4

5 6

8 7

and, with reference to (2), define

(s) = 0[ ]s (3)

and

(s,n,m) =

{
1 n = m,
0[ ]s n,m ∈ same row/column,

0 otherwise
(4)

with 0, , 0, ∈ [0,1]. As a result, the SOM produces
the codebooks shown in Fig.4, where central codewords are
marked by small dots, while the larger dots indicate the code-
words of the first (left) and second (right) side description.

A few comments are in order: first of all, the average
MSE of the SOM codebook is 0.1874 as opposed to 1.862
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Figure 5: A 5-bit MDVQ codebook (small dots) with two
3-bit side codebooks (large dots).

for the corresponding GLA codebook (both computed on
100 trials and the same training set) showing that the mu-
tual interaction constraints did not interfere with the correct
development of the codebook. Moreover, codewords are ob-
viously well-organized in order to provide good-quality side
descriptions, as is made visually clear by the color coding.
Finally, notice that the IAM does not respect the minimum-
spread rule. This should be obvious, after a moment thought,
since the first and last codewords need not be far apart in a
k-d space, but this observation makes clear that there are in-
deed new degrees of freedom to be exploited, and problems
to be solved.

This trivial example should not hide the complexity of
the problem. Considering the same 2-d distribution as be-
fore, but going to 5-bit central and 3-bit side descriptions, a
good organization of the codewords is again provided by the
SOM, as shown by Fig.5, which could not be easily devised
otherwise. In higher-dimensional spaces, of course, guessing
a good solution is a lot more challenging.

At this point, we can summarize the design procedure.
The first step consists, as usual, in the selection of the in-
dex assignment matrix. The examples discussed above make
clear that the minimum-spread rule is no longer a reliable
guideline, and that the assignment should depend on the di-
mensionality of the input space or, more precisely, on the
effective dimensionality of the input pdf. However, it is not
clear how to use such prior knowledge in the definition of the
matrix and this is outside of the scope of the current work.
Then, given the IAM, we define the mutual interactions ac-
cording to (4) with suitable values selected for the param-
eters. This is a drawback of the proposed technique, since
having to deal with parameters is always disturbing, but our
experience shows that the optimum is pretty flat and reason-
able parameters are quite easy to single out. At this point, the
SOM algorithm produces automatically the desired MDVQ
codebook.

Before providing a few sample numerical results, we
want to underline the strengths of the proposed approach.
First of all it is extremely flexible: it can work with any num-
ber of descriptions, redundant or non-redundant, symmetric
or not. It is only required to select an acceptable IAM, with
no particular constraints. In addition, after the design it is
not necessary to resort to burdensome codebook reordering
procedures, like the MDBSA. On the other hand, such proce-
dures can be used to improve the codebook after SOM, which
can therefore be regarded as an initialization procedure that
provides a good starting point.

training set test set

cent. side cent. side time

GLA-BSA .0288 .1509 .0307 .1518 181

SOM .0288 .1693 .0306 .1710 55

SOM-BSA .0288 .1482 .0306 .1500 163

Table 1: Central and side distortions (MSE) for proposed and
reference techniques: 6-bit central and 4-bit side codebooks.

training set test set

cent. side cent. side time

GLA-BSA .0150 .2552 .0167 .2621 1722

SOM .0152 .3077 .0162 .3102 357

SOM-BSA .0152 .2488 .0162 .2509 1111

Table 2: Central and side distortions (MSE) for proposed and
reference techniques: 7-bit central and 4-bit side codebooks.

4. EXPERIMENTAL RESULTS

Here we present some experimental results carried out in
order to compare the performance of the proposed solution
with that of the reference MDBSA technique, and in fact re-
peat some experiments presented in [7]. As a matter of fact,
we implemented the MDBSA as well, in order to compare
also processing-time results.

First, we consider a 2-d Gaussian distribution with unit-
variance i.i.d. components, and design a two-description
MDVQ system with 6-bit central codebook and balanced 4-
bit side codebooks. Results, averaged over 30 runs of the
algorithms, are reported in Tab.1 in terms of mean-square er-
ror, computed both inside and outside the training set.

First of all, GLA and SOM provide central codebooks
of about the same quality, with a small penalty for the test
set performance which could be reduced by using a larger
training set. As for the side descriptions, the SOM does a
pretty good work but does not attain the performance of the
GLA-MDBSA, with an MSE penalty of about 10% both in
and out the training set. Work is underway to understand the
reason for this impairment, maybe related to the initial IAM,
which in our experiments is diagonal on a torus, that is, with
first and last side indexes considered as neighbors, as in our
preceding examples. However, using a truly diagonal matrix
like those of [4] does not seem to provide improvements.

It is worth noting, however, that the computation time2 of
the SOM is much smaller than that of the GLA followed by
the MDBSA, basically because of the complexity of the lat-
ter. Moreover, as suggested before, one can run the MDBSA
on top of the SOM as well, and in this case, interestingly,
the quality of the side descriptions improves beyond that of
GLA-MDBSA, although just slightly, and still with a smaller
computation time.

In a second test, we consider the same source as before,
but the MDVQ system has 7-bit central description and 4-bit
side descriptions. Results reported in Tab.2 are in line with

2CPU times (in seconds) are only for comparison, as they refer to a Mat-
lab implementation on a Pentium PC.
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2×2 blocks 4×4 blocks

cent. side time cent. side time

GLA-BSA 20.9 92.0 500 63.6 155.6 1158

SOM 21.4 102.6 124 64.4 191.6 118

SOM-BSA 21.4 79.3 517 64.4 151.3 492

Table 3: Central and side distortions (MSE) for image Lena
with 6.21-bit central and 4-bit side codebooks.

Figure 6: Detail of Lena decoded with both description (left)
or just one of them (right).

those of Tab.1 (and both with those of [7]), the main differ-
ence being the increase in the side-description MSE due to
the reduced redundancy. It is just worth underlining, here,
that all computation times have grown significantly, but es-
pecially those involving the MDBSA, and especially starting
from a random (non ordered) codebook, to the point that it is
definitely preferable using the SOM before the MDBSA both
for performance and computation time.

Finally, as an example of a real-world application let us
consider the encoding of gray-scale images. We use a bare-
bone coding scheme, with just plainMDVQ of square blocks,
without any prior decorrelating transform or prediction. In
this case, since data exhibit a significant correlation, we use
a “nested” index assignment that minimizes index spread, as
suggested in [4], with 6.21-bit central description (74 code-
words) and 4-bit side descriptions. Results are reported in
Tab.3 for the well-known test image Lena and 2×2 and 4×4
blocks, and despite the obvious differences, show the same
general behavior discussed above. A detail of the image en-
coded with 2×2 blocks, and decoded with both descriptions
or just one of them is shown in Fig.6. There is an obvious
degradation in the second case (just 16 codewords available)
but the image is clearly recognizable anyway.

5. CONCLUSIONS

We have shown that the design of multiple description VQ
codebooks can be carried out in a simple and efficient way by
resorting to the SOM algorithm where suitable mutual inter-
actions are established among codevectors. The most appeal-
ing feature of this approach, in our view, is its high flexibil-
ity: all that is needed to design an MDVQ system with more
than two descriptions, for example, is the selection of the ini-
tial index assignment matrix. Sample experimental results
prove the proposed approach to be effective and relatively
fast, although performance (without further optimization) is
not currently on par with established reference techniques.

A deeper analysis of the algorithm performance in vari-
ous conditions is certainly needed, together with a better un-
derstanding of how the various parameters should be tuned.
In particular, the choice of the IAM as a function of the
source and system characteristics deserves further investiga-
tion because guidelines valid for the scalar case are not useful
anymore in this setting.
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