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6-1 Adaptive quantization algorithm. (a) The adaptation algorithm can
be decomposed in two parts (i) the estimation of the input distribu-
tion based on past samples and (ii) the design of the new quantizer
given the estimated distribution. (b) In the simplest case the adap-
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In a more general case it would be necessary to change the speed of
adaptation as well, so that the window size would also change over
time. : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 163

6-2 Notation used in the model estimation algorithm. The bi's denote
the decision levels, with b0 and bL denoting the outer boundaries
of the �nite support approximation. The xi are the knots of the
piecewise linear approximation. In this �gure there are as many
knots as bins but in general one can use more knots than bins.
Note that we depicted an f(x) which is non zero outside the range
determined by b0; bL to emphasize the fact that these two boundaries
have to be estimated and that the operation introduces some error. 171

6-3 Example 1. 3-bin case and pdf f(x) = 3=4(1 � x2) for �1 � x � 1,
f(x) = 0, elsewhere. We represent the unique solution for the
boundary (vertical axis) that meets the centroid and nearest neigh-
bor conditions, for each of the initial conditions on the boundary
(horizontal axis). Note that regardless of the initial conditions the
range of solutions achieved is very restricted and close to the opti-
mal solution obtained on the true pdf. As we have only three bins
and the pdf is symmetric around zero, the quantizer is completely
determined by a single parameter, the boundary of the middle bin. 183

6-4 Example 1. Result of applying successively the algorithm to the
three bin case with f(x) = 3=4(1 � x2). Note that convergence
is very fast. Just two iterations are su�cient. The vertical axis
represents the choice for the initial quantizer. The horizontal axis
represents the number of iterations. : : : : : : : : : : : : : : : : : : 184

6-5 SNR obtained after running the Lloyd-Max iteration on the f̂ (x)
obtained with di�erent starting conditions. The horizontal axis rep-
resents the di�erent choices for the initial quantizer with 1 being the
uniform quantizer and 10 the Lloyd-Max quantizer obtained on f(x).
The top line indicates the performance of the Lloyd-Max quantizer
design for the true pdf. The top graph represents the 3-bin case, the
bottom one the 8-bin case. Note how the degradation due to using
the approximation is smaller, as expected, in the 8-bin case. : : : : 185

xii
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