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Abstract—An algorithm for the design of vector quantizers that are
locally -optimum in the sense of minimizing an average quantitative
distortion measure is used to design 1 and 2 bitfsample vector quan-
tizers for both reat sampled speech and a simulated speech-like auto-:
regressive random process. Both weighted and unweighted squared-
erzor distortion measuzes are considered.

Several comparisons are made and discussed based on the average
distortions of the vector quantization schemes. The resutis for the
simulated speech are compared to mathematical performance bounds
from information theory to provide an indication of how neary
globally optimal vector quantization is for such highly correlated
sonrces, A comparison of the results for the real speech and thie
simulated speech provides a quantitative measure of the accuracy of
such ‘models and, hence, of the applicability of information theory
bounds and code designs based on probabilistic models. The signal-to-
quantization-noise ratios of vector quantizers designed to minimize
squared-error distortion are compared to those of sevesal popular
speech waveform coding systems of similar rates. .
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I INnTRODUCTION

AVEFORM coding speech compression systems at-
tempt to digitally communicate a good reproduction
of the actual speech waveform.- Voice coding systems attempt
io estimate and communicate a linear model of the speech
production process rather than the specific waveform. Voice

coding systems permit communication at lower rates, but

waveform coders typically provide better quality and more
robustness against- speaker variations, multiple speakers, and
background noise. It is still important, however, to use the -
minimum possible bit rate and, hence, the smailest possible
bandwidth or storage capacity for a given fidelity.

‘Waveform coders range from simple fixed high rate scalar
quantizers (PCM’s) and predictive quantizers (DPCM’s), to
fairly complex low rate adaptive subband coders, transform
coders, DPCM, and tree encoding systems typically operating
in-the range of 8 kbits/s (kilobits per second)-15 kbits/s. A
variety of such systems is discussed, for example, in [1}-110].

Most people would agree that given a rate constraini, the
general goal of such digitization schemes is to minimize the
distortion between the original and reconstructed speech, but
there is no universally accepted definition of distortion. There
are, in fact, two fundamentally different approaches to de-
fining and measuring distortion. The first is a subjective or
qualitative notion based on relative distortions perceived by
lsteners in listening tests. While subjective distortion is clearly
of fundamental importance in the evaluaiion of a voice com-
munication system, it is of little help in the actual design and
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analysis of a specific system since no analytical techniques
exist for the design of a system that is optimized In the sense
of minimizing subjective distortion.

The second approach uses a quantitative distortion measure
such as the ubiquitous squared-error distortion, weighted
versions thereof, or more complicated spectral distortion
measures. Such quantitative measures may result from an ap-
proximate quantification of a subjective measure or they may
be the result of a mathematical development as in the Itakura-
Saito distortion [37]. The advantages of a quantitative mea-
sure are numerous. 1} It provides a means for the quantitative
comparison of different systems. 2) Given a suitably tractable
distortion measure, a system can be designed to provide 2
minimummn or, at least, a local minimum of the average or maxi-
mum distortion. 3} Using techniques from information theory,
one may be able to characterize the optimal performance for a
given class of data compression systems on a specified source,
where optimal here means yielding the minimum average dis-
tortion subject to the system constraints.

In short, a quantitative distortion measure permits the appli-
cation of tools and techniques of communication and informa-
tion theory to the design, analysis, and comparison of data
compression schemes.

An additional justification for considering a quantitative
distortion measure in the design and analysis of data compres-
sion systems is that virtually all such sysiems perform the
actual digifization or quaniization step using a minimum
distortion or nearest neighbor rule to select a digital represen-
tation of an analog quantity. This quantization may be
applied directly to the waveform, to an error sequence within
a feedback loop; to a companded, transformed, or filtered set
of samples; or to some combination. The quantization opera-
tion, however, invariably invelves a minimum distortion selec-
tion. Thus, even though a particular class of systems may be
selected based on its subjective quality, it is of both theoretical
and practical interest to develop the properties of such systems
when they are optimized. The resulting performance provides
a bénchmark for the comparison of similar systems.

When irying to characierize the optimal performance achiev-
able for a given class of data compression sysiems, it is often
of interest to consider the most general possible class. This
provides a more fundamental benchmark for comparison with
existing systems, and an indication-of what additional improve-
ment might be achievable using less structured (and possibly
more complex) systems. The original Shannon mathematical
model for a data compression sysiem is that of a block source
code—a mapping of consecutive nonoverlapping blocks or

. frames of source data into consecutive nonoverlapping blocks
of channel symbols such as binary numbers. Block source
codes can be simply viewed as vector or multidimensional
quantizers, and include such systems as fransform coders,
traditional scalar quantization {PCM), permutation codes, and
any other schemes that process parsed information. Informa-
tion theory has also treated sliding-block or sliding-window
“codes that operate as possibly nonlinear filters {e.g., DPCM)
and both classes have been shown to have an optimal achiev-
able performance (in the limit of long block length or
-constraint length) given by Shannon’s distortion rate function
(see,e.g., [11], [2]). Here we focus on the design performance
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of block codes or vector quantizers. The design of trellis
waveform coders for speech using an algorithm similar to the
vector quantizer design algorithm ireated here is considered
in [38].

A general goal might be to find (if possible) the optimum
vector quantizer of a given rate and block length (dimension)
when used on a particolar source. Such a result would indicate
achievable performance improvernents over special cases such
as transform coders. Even if one possesses a complete and
accurate probabilistic model of the source, however, such
theoretical characterizations do not usually exist. Rate dis-
tortion theory bounds are achievable only in the limit of long
block lengths. Approximations to the optimal performance
may be found for a fixed block length using asymptotic quan-
tizer performance theory if the rate is large enough (see, e.g.,
[12}-[14]). Since theory can characterize only asymptotic
optimal performance values (Jarge block fength or large rate),
the best available means of finding the performance limits of
a class of codes of nonasymptotic rate and block length remains
the actual design and test of good codes incorporating opti-
mization techniques and a minimum of structural constraints,

An obvious advantage of popular special cases is the fact that

* their structural constraints usually make simple and efficient

implementation possible. For example, most implementations
of vector quantizers consist of a simple (often linear) trans-
formation followed by separate scalar quantizers for the trans- .
formed samples [15]-[16], [4], {8). Such codes are subopti-
mal in z Shanmon sense because of the requirement of scalar
quantization, but they are reasonable to build, work fairly
well, and are fisld-proven. It remains of interest, however, to
determine the potential improvement available by using less
struciured vector quantizers and whether the improvement
merits the possibly increased complexity.

A general vector quantizer consists of a codebook of possible
reproduction vectors and a minimum distortion encoding rule.
With advances in large-scale integration, cheap memory, and
fast search techniques, such a structure will itself become in-
creasingly amenable to real implementation.

In some applications, the potential gains of general vector
quantization over simple techniques are known te be small. It
is well known, for example, that for large rates, simple PCM
performs quite close to the rate distortion bound for Gauss
memoryless sources [12], [17]. Based on these rigorous
arguments, intuitive developments have been advanced so that
DPCM provides nearly optimal performance for large rates and
Gauss and Markov sources [18]. These are, however, asymp-

- totic resuits and should not discourage the investigation of the

potential improvements from optimization at more interesting
lower {not asymptotically large) rates. We also point out that
the Gaussian assumption is a “worsi case” assumption in
source coding—the Gaussian source is the *least compressible™
source, given the source’s autocorrelation, in that theoreticalty
more bits are required to achieve a given average distortion
{11]. Hence, conclusions based on 2 Gaussian source may be
too conservative for other sources.

An obvious diificulty with the goal of developing general
optimal vector quantizers is the fact that there is no general
theory for the construction of optimal source codes. For this
reason, the standard design technique for vector guantizers
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comprises two components: 1) choose a code siructure that
is reasonable to implement and optimize; and 2).develop a
probabilistic model of the source for use in the optimization.
Almost all traditional data compression schemes use onaly
scalat quantization and the technique of Lloyd [19]
(Method 1) and Max [20] applied to a model distribution to
find the optimal scalar quantizers, Examples are PCM and
ADPCM systems [5], [1], [3} and transform coders {4], [8],

which are optimized for models and then applied to real.
speech.

Other model-based techniques have also been mcorporated
into waveform coder design and analysis. In order to use the
transform coder optimization techniques of Kramer and
Mathews [15] and Huang and Schultheiss [16] on real speech,
the speech is assimed to have a Gaussian distribution [4], [8].
This assumption yields transformed samples that are also
Gaussian and provides rate distortion functions in a useful
form for determining good bit allocations for the scalar quan-
tizers for the transformed samples. ‘

Thus, in the above examples and in more sophisticated
systems based on these examples, the code is optimized for a
model of the source and not the source itself. Intuitively, if
the model is accurate, the resulting theory and performance
should hold approximately for real speech, There is, however,

no quantitative measure of the accuracy of a model and the

validity of the approximation for real-speech.

An alternative to the Lloyd-Max model-based quantizer
design technique that has not previously been applied to
speech waveform compression is the generalization of Lioyd’s
Method I [19] to the design of vector quantizers based on a
long training sequence of actual data [21]-[24]. Both Lioyd’s
Method I and Method II, in general, guarantee only locally
optimal quantizers in the sense of yielding a local minimum of
an average distortion, but Method I has several advantages over

the Lloyd (Method I1)-Max technigue.

First, it requires no explicit modeling of the source. The
algorithm is instead driven directly by a long training sequence,
and not indirectly through a probabilistic model based on 2
training sequence. In particular, no assumptions of the source
being Gaussian, Laplacian, or autoregressive of a particular
order are required. If can be shown mathematically that
under certam stationarity assumptions, the design algorithm
run on a fong training sequence will produce nearly the same
code and performance that it would produce if run on the true
(but unknown) probabilistic description [22]. No such con-
vergence result is known for the Lloyd-Max algorithm run on
a model inferred from training data, Intuitively, this conver-
gence implies that a quantizer designed -on a sufficiently rich
training sequence will yield similar performance on future
data—a property that is experimentally supported for speech
waveform coding in 2 later section.

Second, the technigue works for vector quantization as wel
as scalar quantization to yield a locally optimum quantizer of
a given rate and dimension.

Third, quite general distortion measures can be used. The
only requirement is the existence of a generalized centroid or
center of gravily with respect to an arithmetic average.

Fourth, the design algorithm can be run either on real speech
data or as a Monte Carlo design for a speech model. This
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permits a comparison of the model performance with rate
distortion bounds and a new and, we think, informative
quantifative comparison between real and simulated speech.

This paper has two distinet but strongly related goals. Gne
is to use -the vector quantizer design algorithm of [21] to
design, simulate, and evaluate speech waveform coders using
vector quantization of 1 and 2 bits/sample and short block
lengths of 8 and less. Both a squared error and a weighied
squared error are considered. The resulting performance is
compared to that of several popular speech waveform coders
of comparable rates including optimized PCM and DPCM,
transform coding, subband coding, and ADPCM.

The other goal is to apply the same vector guantization
algorithm to common probabilistic models of the speech rather
than to the speech itself. The models selected are tenth-order
autoregressive sources with matching correlations. This is of
interest since information-theoretic bounds on optimal per- -

formance can be computed for such mathematical models

and not for real speech. Thus, the model--which bears at
least a resemblance to real speech—provides a means of com-
paring the performance of the designed vector quantizers wn‘h
the theoretical optimum, and hence provides an indication of
the actual (global) optimality of the algorithm. Such compari-
sons have not previously been made for waveform coders
operating on such highly correlated sources.

While it is generally acknowledged that models have provided

. a useful tool in the design of speech waveform coders, it is also

generally accepted that conclusions regarding the performance
using real speech cannot safely be made based only on the
models. We plot results of separate experiments on real speech
and simulated speech on common graphs to quantify the dif-
ferences between real speech and mathematical models of
speech. The results point out significant differences in both
the code structure and the resulting performance.

This paper is ccmcemed with the average quantitative dJstor—
tion of vector quantizers designed to minimize average distor-
tion. In speech waveform coding systems, however, subjective
distortion is also important. For this reason, the digitized
speech produced in our experiments was synthesized and
listened to by a variety of audiences.. We briefly describe these
informal subjective tests and their support of the quantitative
results,

I1. VECTOR QUANTIZATION

Let X=(Xy," - ,Xr—1 ) be a k-dimensional real-valued
random vector described by a cumulative distribution function
Fxy=Pr(X;<x;,i= .k - 1). When the dimension k is
not clear from context we wﬂl denote X as X*. We assume for
simplicity that X has zero mean, that is, £X = 0 where £ de-
notes expectation with respect to F. A vector quantizer
(block quantizer, k-dimensional quantizer, block source code)
consists of a reproduction alphabet or codebook C=
{v;;i=1,---, N} of Nvectors together with a mapping ¢ that
assigns to each x a codeword y; €C. For waveform coding,
the reproduction vectors or codewords y; should be similar to
the source vectors x, that is, the codéwords are also k-
dimensional real-valued vectors. It is convenient to define
subsets S, i=1,- -+ N, of k-dimensional Euclidean space by
S;= {x: q(x)=yp;}, that is, S, collects together all input vec-
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-tors mapping into the ith codeword. The vector quantizer is
then completely described by the codebook C and the collec-
tion of disjoint sets § = {§;;7=1, -+, N}

To measure the performance of a vector quantizer, we as-
sume a distortion measure d(x, %) that assigns a nonnegative
distortion value to reproducing x as ¥. We here focus on
weighted-squared error distrotion measures of the form

d(x, %)= (x- B B(x~ %)

k-1 k-1
=3% (X X)By (- X)) ¢

. i=0 f=0 .
where B= {B;;;i=0,~++,k1;j=0,~++,k- 1} is 2 symmet-
ric, positive definite matrix. In spite of the existence of several

more sophisticated and more subjectively meaningful distor-
tion measures for speech coding systems, such as spectral
deviation and the Itakura-Saito distortion measure (see, e.g.,
[23]), various forms of wejghted-squared error remain the
most popular distortion measure for waveform coding systerns
because of their simplicity, tractability in analysis and design,
and computability in applications.

The mathematical results to be developed are valid for a
general weighting matrix B. The actual quantizer design and
comparison will, however, focus on two special cases—the
traditional squared error with B an identity matrix

(%) = - £ B(x -~ D(x - §) @
and the Mahalanobis distortion measure defined by the weight-

ing B=R™' where R=F{X-EX)X-EX)} is the co-
variance matrix of the k-dimensional vector X
dy(x, %)= (x - XY R (x- ¥). (3)
We require that R be positive definite so that R™! is well
defined. The Mahalanobis distortion has been successfully
used in a variety of pattem classification problems (see, e.g.,
. [251-1291), including speech ¢lassification problems [30], and
hence seems a potentially useful distortion measure for vector
quantization of speech, which can be viewed as a nearest
neighbor pattern classification system [21].

Since R is symmetric and positive definite, sois R™* and we
can form a triangular decomposition of the form R™! = GG
where G is a lower triangular matrix, Thus,

dy(x, %) = 1Gx - GX|? C)]
where Gx is a ““whitened” wvector since its covariance matrix
is the identity matrix, Minimizing the Mahatanobis distortion
is equivalent to minimizing the squared-error distortion be-
tween the “residual” vectors Gx and G¥ formed by passing x
and ¥ through a causal time-varying filter described by G.

If the random vector X is quantized to obtain g(X) and an
error vector e =X - g(X), then the expected Mahalanobis
distortion can be expressed as

Ed,(X, q(X)) =E{e'R7'e}
=tr [RT'R,} (3)

where “tr” denoctes the trace operation and R, = E{(X ~ g(X))
. (X - g(X)'} is the covariance matrix of the error signal.
Comparison with

Document 108-9

Filed 06/07/2007 Page 5 of 14

IEEE TRANSACTIONS ON ACOUSTICS, SPEECH, AND SIGNAL PROCESSING, VOL, ASSP-30, NO. 3, JUNE 31982

Ed (X, q(X)) = E(e'e) = tr{Ro} (6)
points out that the Mahalanobis distortion couples the compo-
nents of the error vector, that is, the distortion depends on
the cross correlations of the errors as well as on their power.

Given a distortion measure, the performance of a vecior
quantizer ¢ on a random vector X can be measured by the
average or expected distortion per sample

Dig) = k™ Ed (X, q(X))

=kt % E{d(X,§)| X €8} Pr X €S,}.

i=1

)

The rate of a quantizer is defined by R =log, &V bits/block or
¥ = Rfk bits/sample.

Avector quantizer is implemented on a discrete-time random
process {X;}iZo by successively quantizing nonoverlapping
vectors X; = (Xir, Xiger, ~° 7, Xiwer—1) 88 g(X;). If the process
{X:}8; is kestationary and k-ergodic (i.e., the vector process
{X;}, is stationary and ergodic), then the ergodic theorem
implies that

dm 175 a(K, 06 = 40K, 4o

i=0

(8},

with probability one, and hence the expected distortion yields
the long-term time average distortion. Hence, we define 2
quantizer g to be opfimum for a given number of levels N and
dimension & if it minimizes the expected distortion and, hence
also minimizes the long-term sample average distortion over
all quantizers of ¥ levels and dimension k.

The goal of vector guantizer design is to produge an opti-
mum vector quantizer. Except for a few special cases, how-
ever, the best one can hope for is 2 locally optimum quantizer,
that is, a g such that D(g) is a local minimum. In particutar,
subject to certain technical assumptions, the vector quantizer
design algorithm of [21] can be used to design locally opti-
mum quantizers for quite general distributions F and distor-
tion measures d [21]-{241, [37]. :

In many cases such as speech, however, there is no generally
accepted distribution F describing x. If one -does possess a
training sequence {x;i=0,+~~,L~- 1} of data from the
source and L is large, then the expectations can be computed
based on the sample distribution provided by the data instead
of the ““true”—-but unknown—underlying distribution. If the
vector source were stationary and ergodic, the resulting sample
averages would be good approximations to the “true” averages.
In particular, from (8) one should be able to use the design
algorithm to minimize the sample distortion ‘

- L-1
kD(g)=L7" 3 d(x;, q0x)) %)

i=0
and thereby approximately minimize the true expectation.
This approach is made precise in [22] and implies, in particu-
{azr, that if L is sufficlently large, then a quantizer yielding a
given sample distortion on a training sequence will yield nearly
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the same time average distortion on future data produced by
the same source. Furthermore, this fact justifies the use of the
algorithm on sample distortions even when F is known, as this
is equivalent to a Monte Carlo design for a known source, For
this reason, we henceforth focus on sample averages of the
form (9).

In order to state the design algorithm, we require the notion
of the centroid or center of gravity of a set § of }.§] k-dimen-
sional real-valued vectors with respect to the distortion mea-
sure d of (1). The centroid of S, cen (5), is defined as the
vectpr # that minimizes the sample average

Ag(w)= 3 d(x,u).
xE8
It is shown in the Appendix that regardless of the specific
positive definite matrix B, the centroid is given by

cen (S)=15" > x,

x=8

(10)

the usual Euclidean center of gravity of the set .S of vectors.

Two versions of the vector quantizer algorithm are con-
sidered. . The difference is in the manner of generating initial
guesses for larger codes from good small codes. Usually, the
initial guess for a vector of dimension £ is formed as a product
code of a dimension k- 1 code with a scalar code; thus,
higher dimension codes are constructed from good smaller
dimension codes. For comparison, some of the codes were
designed using the splitting technique of [21] (see [24] for a
flowchart), which designs codes for a fixed diimension code by
designing codes of rate 0, 1, 2, * - * bits/block by splitting each
word in a rate R code into two close words to form a rate
R +1 code. As shall be seen, the two techniques occasionally
give distinct results, indicating that genumely distinct local
minima are possible,

The product code form of the design algorithm is-next
described. It should be pointed out that for the weighted
squares distortion being considered, the iteration of Steps 2
and 3 is equivalent to Diday and Simon’s Algorithm o for
cluster analysm [29].

A. Design Algorithm—(Product Code Initialization}

Step O—(Initialization): Given are a training sequence of
sample data (real numbers) 7= {x;7=0, -
ger rate r bits/sample, a maximom dimension (vector size} K, a

- distortion t.hres_hold e€>> 0, and a symmetric positive-definite
K X K weighting matrix B= {B{,j); i,j=0,1,+, K- 1}.
Let B;, denote the kXK submatrices {BEJ);, i,j=
0,1,---,k- 1}, k=1,+-+, K (which are also positive defi-
nite), and define for k=1, 2, -+, K the distortion measures
de (6, X) = (x - ¥ Bi{x- ¥) where x=x*_ Setk=1. _

Step 1—{nitialization for Dimension kJ: If k=1, let €, (%)
be an initial scalar code of rate » having 2" entries. (This can
be obtained by the splitting technique of [21] or by an
intuitive guess such as a uniform quantizer on some range.) If

k> 1, then form the product code Co(k)=Ck - 1 XE(1)

where C(k- 1) is the final dimension k- 1 codebook of
Step 3. In other words, each word in ¥* in €,(k) has the
form (u*7',z) where #*' €@k - 1) and zE€C(1). Set
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m=0,D_, =%, and I =Jfk (which we assume an integer for
simplicity}. Let Ty denote the k-dimensional vector sequence
(xpi=1,--+, L} where x;=xf= (o, Xegery-1) B
formed by blocking the training sequence.

Step 2: Given @, ()= {;i=1,+++, 27}, group all vectors
Xx; in the training sequence according to the minimum distor-
tion codeword by forming the sets

Si={x;: dlx;, y)<d(x,pp), alll#1}

with some arbitrary tie-breaking rule. Compute the distortion
resulting when using the quantazer g described by the code-

book €,, (k) and the sets 8= {S;}
Dy =L Z dfx;, Q(x:)) L Z mm d{x;, )
i=0 =0 ¥ Coni®)

Pt
=L—l Z Z d(xsyi)'

=1 x&8;

Step 3: If (Dm_1 = Dy ) Dy, > €, then form a new codebook
Crner®)={een (S)i=1,

. 2rk}'

(This must ‘reduce distortion or leave it unchanged.) Set
m=m+* ] and go to-Step 20

If (Dy—y = D) Do < €, then we are done for dimension k
with final codebook €k} = &, (%).

Step 4: If k <K, then set k=% +1 and go to Step 1. If
& = K, then halt with final codebook E(K}

HI. SIMULA’IED SPEECH

A common probabilistic model for speech that has proved
useful in the design of waveform coding systems fer real
speech is a finite-order autoregressive or afl-pole process with a
dnving process and sccond-order characteristics estimated
from real speech (see, e.g., [4], [6], [81-[10]). Numerous
driving (innovations) densities have been proposed, including
Gaussian, Laplacian, gamma, and K, (see, e.g., the above
references and [31]). ‘

Such autoregressive processes are stationary and ergodic if
the autoregressive filter is stable. A standard bromide in the

" speech literatire asserts that speech is only locally or quasi-

stationary and “hence™ not stationary. Local stationarity and
global (usual) stationarity are not, however, incompatible,
One can have a model exhibiting both characteristics and have
the local stationary properties as the fine structure. (Such
models are treated mathematically in Fontana et al. [32])

" Thus, there is no conflict in considerng such autoregressive

models as consistent but coarse models of real speech. Such a
process models the global behavior of speech, that is, the aver-
age over the local properties,

An Mth-order autoregressive or all-pole model for speech is a
random process {X, }y=—w specified by the difference equation

M
Xp=- 3 apXyptoZ,
k=1 :

where {Z, 1}, .- is an independent, identically distributed
sequence of random variables described by a probability
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density function f with £Z, =0, E(Z2)= 1, and where the -

4 are chosen so that the filter with z-transform 1/4(z)=
(1+ 2, 4z27%) ! is stable {and hence, {X,} is stationary and
ergodic). The parameter 6% jis the squared gain or one-step
prediction error of the process {X,].

If one forms an estimate of the autocorrelation of speech as
r(kYy, k=0,1,-++, M and chooses o and the a; in the model
so that r(t}=EX,X, 4, then the resulting process is called
the matching autoregressive source (MARS) [6]. If r(k) is
given by 4 sample autocorrelation, then from the correlation
matching property of linear prediction (see, ¢.g., Geronimus
£33, p. 12] or Markel and Gray [34]), {X,} is dlso a linear
prediction model for speech. If r(%) is estimated based on a
short {~20 ms) speech frame, then the model is exactly the
IPC model for that speech frame as used in LPC speech com-
pression systems. We here take 1/A(Z) as the zero rate
Itakura~Saito centroid of [23], that is, the optimum zero rate
LPC model based on a training sequence of 5000 frames of
128 samples each (640000 samples) normal speech spoken
by five male speakers with a sampling rate of 6.5 kHz. Thisis
equivalent to- the LPC mode! for the average of the frame
~ sample autocorrelations. (See [23] for details.) The auto-
i:o'rrelatiox_l and inverse filter coefficients are given in Table L
We shall use the same fraining sequence and portions thereof
* for direct vector quantizer design.

The driving process pdf fz () was chosen to approximate the
residual marginal pdf produced for the model filter A(Z)/o,
that is, the real speech is passed through the filter Afo selected
“above, and fz(z) is chosen to approximate the output. Two
pdf’s yielding good fits [5], [31], [10] are the unit variance
K, pdf defined by f7(z) =71 K(2) where Ky is a zero-order
modified Besse! function, and the unit variance Laplace (or
doible exponential) density fz(z)=(+/2)" exp (/2 z]).
Both pdf’s provide good fits to the data and both will be seen
to yield similar results. For comparison purposes, we will also
evaluate the performance bound for a unit vadance Gaussian
pdf fz(z)=(2,)"Y? exp (~2%{2) which provides a “worst
case” hound for all sources having the same autocorrelation,
that is, the largest possible minimum achievable average
distortion.

1V. PERFORMANCE BoOUNDS FOR SPEECH-LIKE SOURCES

Given a probabilistic source model, a distortion measure d, a
dimension or block length &, and a rate r biis/sample (R = kr
bits/block), the optimal achievable performance is defined by

pr(r)= n};in D(a),

D(q) = ¥ Ed(X, q(X)) ) an
where the minimum is taken over all quantizers g with rate »
bitsfsample and the £~ normalizes the distortion 1o a per-
sample basis. Information-theoretic techniques can be used to
obtain lower bounds to py (¥} for the models considered heze,

The first bound is given by the generalization of Yamada
et al. {14] of the Shannon lower bound to the distortion-rate
function (see, e.g., [I11]). For the distortion measure
(x- 2YB(x- %) this bound is given from [l14, eq. (52)
and (6¢)] as '
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TABLE 1

SAMPLE AUTOCORRELATION COEFFICIENTS AND FILTER PARAMETERS
Lag k r{k)/r(0} ay
0 1.0 1.0
1 0.400940 ~-0.35573
2 -0.047447 0.29671
3 -0,167337 0.09716
[ -0.182098 0.13798
5 ~0.198497 0.10661
& -0.263764 0.18392
7 -0.25939 -0.17887
8 ~0.129546 0.07244
9 —'0.010753 0.11004
10 G.104571 0.03551
{0) = 9662.57
o% = es6l.25

o) 2 k™ DR (R) 2 (det BY* (2emy 12 20* AW
(12)
where R =%r and 2(X) is the differential entropy of X, ie.,

h(X)= - f Fr () 10 i (5) dix

where f-(x) is the pdf for X. The differential entropy #(X) of
the autoregressive source model is difficuli to evaluate exactly
for fixed k, but it is shown in the Appendix that

R(X) > kh(0Z) = k(R (Z) + log o)

where

(13)

h(Zy=h(Z,}= —ff_zo (z) log fz,(z) dz

is the differential entropy of the unit variance random variable
Zy. Thus, we have the bound

2 ()2 DO R o2 (det BYYF(2em)y " 2720 @) (14)

We shall refer to this bound simply as the distortion-rate
bound.

For the usual squared-errot distortion measure, we have that
det B =1, and hence

pr(r) = DENF) = o2 (2em) 1 2720 ~HE) (15)

- {as in Berger [11']), and for the Mahalanobis distortion mea-

sure, we have that det B = det R™!, and hence

pe () = DEry = 0 (det RY V*(2en) 1272020 (16)
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which is simply the squared-error bound scaled by (det R) ™%

These bounds are readily evaluated for the sources comnsidered

since, for a unit variance Laplace pdf fz, we have by diréet

evaluation that
h(Z)=log f Te 2 1,347 nats = 1.942 bits an

and for the unit variance Ko pdf fz, we have by comiputer eval-
uation. that

1(Z)=log 7~ (2/) j " Ko(x) log Ko(x) d
1]

=log 7 + 0.200 5 1.345 nats = 1.940 bits. (18)

To the accuracy of the figures, A(Z) and, hence the distortion-

rate and asympiotic quantizer bounds, are the sameé for both

Laplace and K, pdf’s. '
For the Gaussian pdf

(Z) = 1 Tog 2we = 1.419 nats = 2.047 bits. (19)

" Unfortunately, bounds frori distortion-rate theory can be
quite poor when the dimension & is not large. If we assume
that the codebook size N=2%" is large, however, then the
generalization of Yamada et al. [14] of the asymptotic quan-
tizer performance bounds of Gish and Pierce [12] and

Getsho [13] can-be used to improve the distortion-rate bound.

_From the above and [14, eq. (55)], if 257 is Targe, then

o) > A 8 LT (L + R/2PF((L + B2} DH) (20

where I is the gamma function and the bracketed ferm is
bound from below by 1. We shall refer to this bound as the
asymptotic quantizer bound.

It is shown in the Appendix that

Jim e I+ k,fz)zf_"-/('1 +E/2D)=1,

and hence the asymptonc qua.ntizer bound approaches the
" distortion-rate bound in the limit of large dimension-k. Fer
finite &, however, the asymptotic quantizer always provides a
strictly better bound {14].

It is well known from rate:distortion theory that fora given
autocorrelation, the distortion rate function is most conserva-
tive for the “worst case” of a Gaussian source. {11], that is, for
a fixed rate, the 0pt1ma] achievable distortion is larger for the
Gaussian than for any othér density. From (14), (19), and

(20), it is clear that the Gaussian density plays a strmilar

“worst case” role in the bounds. developed here. We hence-
forth focus on the more optimistic bounds for the simulatéd
speech cases of K, and Laplat:iari densities, as even these
bounds will be seen to be overly conservative for real speech.

V., QUANTIZER PERFORMANCE Bounps
A problem with uging the average distortion D(g) of (11) as
a measure of quantizer performance is i_ts dependence on the
© input signal amplitude. A common and useful normalization

in the case of squared-error distortion is to divide by the input

signal variance (or enegy, if the signal has zero mean) and use
either D(g)/R(0), R(0) = E[(X - FX)?] as a measuie of distor-
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tion or R(0)/D(g)--the signal to {quantization) noise ratio
(SNR)—as a mieasure of quality. _
As a naturat _gener;lization of this normalization, we define

= min k7 E(d(X, u)), (22
by 4
the smallest average distortion achievable when no informa-’

tion is sent, that is, the average distortion using the optimum
zero rate eode. We will focus on the normalized average

 distortion defined by

d(qy=D(g)v (23)

as the ‘measure of performance of a quantizer. The expecta-
tions of (11) and (22) will be probabilistic averages if a dis-
tribiition is assumed and will be estimated by a time average if
a training sequence is used.

Analogous to (10) the minimizing # in (22) is simply FX,
and hence’

7= K B((X - EXYB(X - EX)). @9

If B is the identity matrix, then y=R(0), and hence
1/d(q) is the usual SNR. In the general case, 1/d(q) plays a
role analogous to that of an SNR.

For the Mahalanobis distortion, B = R™", ard hénce v = 1.

V1. EXPERIMENTAL RESULTS

Quantizers were designed and tested for a variety of rates,
dimensions, and data séts. In all of the experiments except
for. the K, simulated speech, duplicate runs wer¢ made on
separate computérs using different programs as a check on the
results. .

The first series of experiments consisted of the design of
vector quantizers of 1 bit/sample and dimensions 1-8 and 2
bits/sample and dimensions 1-4 for both real speech and
simulatéd speech. The training sequence for real speech con-
sisted of the first 128 000 samples or approximately 20 s of
the training sequence of [23] described in Section III, and
The simulated speech
training sequences consisted of 60 000 samples prodiced by a
random number generator. The final average normalized dis- -
tortion is plotted in decibels for the entire training sequence
together with the asympiotic quantizer bound and distoition
rate bounds in Figs. 1-4—Figs. 1 and 3 are for squared-error
distortion and 1 bitfsample and 2 bits/sample, respectively.
Figs. 2 and 4 are similar plots for the Mahalanobis distortion,
The real speech tests were run on a PDP 11/34 at Stanford
University and a PDP 11/70 at Timeé and Space Processing,
Inc. The results for simulated speech were conducted on a
Cyber computer at Califorhia State University at Long Beach

and on a Cromemco System 3 at Stanford.

In this test series, the training sequence was longer for the
real speech simply because of greater available computer time.
Longer training sequences are always better, but the avail-
ability of the Cyber and the speed of the Cromiemco neces-
sitated shorter sequences.

The digitized speech: was synthesized for ali of these experi-
ments. The subjective quality of the squared-error distortion
results was almost identical to the corresponding Mahalanobis
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: TABLE Il )
SNR INSIDE AND OUTSIDE 128K TRAINING SEQUENCE

k
SNR(dB) 1

z 3 4 5 & 7 8
Inside 2,16 ° 5.44 6.56 7.48 8,55 9.40 10,15 10.75
Cutside 2.0 5,26 6,00 5.94 7.37 7.82 8.05 8.16
(a) I bit per sample
k .
SNR(dB) 1 2 3 .4
Inside 6,41 10.44 12.72 14 .68
Ontside 6.37 9,71 11.70 12.38
(b} 2 bits per sample

distortion results. As the Mahalanobis distortion is more com-
plicated to implement, further tests were not conducted for it.

Three properties commeon to afl of the figures are apparent,
First, the relative performance improvements achievabie for
the real speech are much larger than those achieved by the
model.  For example, an improvement of roughly 8 dB is
achieved between optimum PCM (£=1) and a rate 8 bitsf
block (k=8 for 1 bitfsample, k=4 for 2 bits/sample) using

MSE vector quantization. The corresponding improvement is-

only .about 3-4 dB on the simmlated speech. Second, the
performance of the vector quantizers on real speech exceeds
that of information theoretic bounds based on the model by
several decibels, indicating that model-based theoretical bounds
are not appropriate for predicting performance on real speech.
Third, the performance of the quantizers designed for the
models are quite close to the theoretical quantizer optimal
performance bound for the larger k. As the number of levels
in the largest rate codes is 2° =256, the bounds should be
‘good approximations. This suggests that the design algorithm
is yielding codes that are approximately globally optimal for
“the simulated speech sources and not merely locally optimum.
Not surprisingly, the differences between the design perfor-

mance and the theoretical bounds are much smaller for these '

" highly correlated results than in the case of Gauss-Markov
sources [24] and memoryless sources [21}—the more memory
a source has, the better it can be compressed.

The relative subjective quality of the speech clearly increased
with dimension. In the 1 bit/sample case; it went from very
noisy, partially, or barefy intelligible quality at dimension 1 to
an easily intelligible, but somewhat noisy quality at dimension
8. The 2 bit/sample case yielded significantly better quality at
all dimensions. The dimension 4, 2 bit{sample example
exhibited little audible quantization noise on the recording
equipment used. ' ) '

The next experiments comprised testing the codebooks de-
signed above on the 78 600 sample open test sequence of [23]

containing a speaker not in the training sequence. Subjectively

there was a clear increase in quantization noise and buzziness
of the speech, especially at the smaller dimensions and at 1

bitfsample. The quantitative difference between the design

SNR and the test sequence SNR are summarized in Table II

for the squared-error distortion (the design values are for the

source experiments depicted in Figs. 1 and 3). The quantita-

tive results reinforce the quality loss of the subjective tests.

Note that over 2 dB is lost at the larger dimensions by using a

quantizer designed for one speaker on another.

The theoretical results of [22], the experimental results of
"[21], and common sense all suggest that 2 longer training se-
quence with more speakers should yield codes with better
performance (on the average) outside of the training sequence.
Hence the design was repeated on the full 640 000 sample, five
speaker training sequence (about 100 s) of [23] on DEC
VAX’s at Stanford University and at National Semiconductoz.
The designed codes were then fested on the 78 600 test se-
quence.. In addition, the National Semiconductor experiment
tested the designed codes on the first 128 000 sampies of the
training sequence, that is, the first speaker only.

The two experiments differed in the means of penerating
initial guesses and in convergence thresholds, The National
Semiconductor experiments used the product code initializa-
tion introduced here. " The Stanford experiments used the
splitting technique of [21], [24]. The results of the National
Semiconductor tests and the Stanford University tests are’
given in Tables Il and IV, respectively.

Observe that the design SNR is uniformly smaller for the
larger training sequence—reflecting the fact that one codebook
must now work for five speakers instead of one. On the other
hand, the performance of the resulting code on the test se-
quence js everywhere better—both quantitatively and sub-
jectively--with the codes based on the larger training sequence.
Furthermore, the differences between the design and test

“values are smaller. Somewhat surprisingly, the code based on
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TABLE III
SNR Insipe ann QUTSIDE 640K TRANING SEQUENCE: PRODUCT CCDE
INITIALIZATION

k
SNR(dB) 1 2 3 4 5 3] 7 3
Inside (full) 2.01 5.25 6.04 7.11 7.82 B8.51 9.13 8.70
Inside (lst 128K samples)| 2.16 5.42 6.33 7.48 8,28 8.95 9.54 10.04
Outside 2.05 5.28 6.03 6.99 7.47 38.07 8.47 8.78
(a) 1 bit per sample
k
SRR {dB) 1 2 3 4
Inside (full) 6,42 9.93 12.18 12,37
Inside {lst 128K samples) 6,33 16.31 14.31 14.57
Outside 6,45 9.68 11.83 11.58

(b)

2 bits per sample

the full sequence is nearly optimal for the first speaker alone
{compare the “Inside” results of Table H with the “Inside”
{1st 128K samptes) of Table III).

Observe also the variation among the SNR’s of one code on
different speakers. This simply reflects the well-known fact
that short-term SNR’s can vary widely for a given coding
scheme. ’

In the original experiinents, a convergence threshold of
€=0.005 was used for both designs. The ! bit/sample
results were quite close, as indicated in Tables III(a) and
IV{(a). For 2 bitsfsample, however, the product code initial
guess resulted in noticeably inferior codes, and hence the
threshold for the National Semiconductor 2 bit/sample experi-
ment was lowered to €= 0.0025 to force further iterations.
The resulting performance is given in Table HI(b) and com-
pares well with Table IV(b) except for the k=4 case. At-
tempts to improve the k =4 performance of Table III(b) by
further iterations yielded no reduction in performance, indi-
cating that the product code had led to a local minimum
distinct from and inferior {by over 1 dB) to that of the split-
ting technique. Note further that the & = 4 code of Table HI
performed poorly on the test sequence, worse than that of the
Table IH % = 3 code! This emphasizes the fact that the choice
of initial codes for the algorithm can be crucial to the resulting
performance. Observe, however, that the resnlts of Table 1V
are not all better than those of Table III,

VI, CoMPARISONS WITH OTHER SYSTEMS
The vector quantization systems developed in the previous
sections were designed to minimize the long run mean squared-

error, and hence maximize the long run SNR. As discussed in
the Introduction, we thersfore use the long run SNR for

quantitative comparisons with other waveform coding systems
of comparable rates. For these comparisons, we use the
results of the 640000 sample training sequence and the
76 800 test sequence. All of the comparisons are for the 2
bit/sample case as that was the minimuem rate considered in
the references.

Paez and Glisson [5] developed PCM systems for 2 bits/
sample and more using the Lloyd-Max scalar quantizer design
procedure on several model densities. - Their best system
resulted from a gamma model of the marginal density, and
yielded an SNR of 6.04 dB when applied to real speech.
Lioyd’s Method 1 on the original speech yielded 2 slightly
better 6.4-6.5 dB in both design and open tests. Thus, the
model-based design does fairly well for k=1 (as is also sug-
gested by Fig. 3). It is worth observing, however, that the
actual codes can be quite different. The code based on the
real speech is highly asymmetric, with a value near zero
occurring over 80 percent of the time, while the model-based
codes have levels symmetric about the origin.

Pacz and Glisson also use the Lloyd-Max technique to
design quantizers inside the feedback loop of a DPCM system
using a model for the error sequence. Their best performance
is obtained using a Laplace model which yields an SNR of
11.67 dB at 2 bits/sample. A dimension three 2 bit/sample
vector quantizer yields a slightly better performance of 11.85
dB outside the training sequence and a design distortion of
12.13 dB. A dimension 4 code improves these values to 12.70
and 13.48, respectively.

The best low rate transform coder of Campanella and
Robinson {4] (using a Karhunen-Loeve expansion as in
[15], [16]) yields an SNR of 12.6 dB at 14 Kkbits/s. Their
Fourier transform coder is inferior by about 4 dB. A vector
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TABLE IV
SNR INSIDE AND QUTSIDE 640K TRAINING SEQUENCE: SPLITTING
INITIALIZATION

. -
-SNQ_.l 2 3 4

5 8 7 8

Inside |2.01 5.24 6.09 7,09 7.88 8.53 9.08 9,74

Outside 2.05 5.25 6,01 6.99 7.57 8.05 8.41 8.82
(a)} 1 bit per sample

X
sm:t(ak- 1

2

3 4

Ingide

Outside

(b

6.50 998 12.13

6.41 9.72 11.85

13.48

12.70

2.bits per sample

dimension of &= 16 was used. This performance is close to
that of our vector guantizer of dimension ¥ =4 and 2 bits/
sample (Table IV). This shows that for speech, higher dimen-
sion fransform coders with an optimum transform perform
quite close to optimized vector quantizers of smaller dimen-
sions. Similar comparisons were found for Gauss-Markov
sources [24].

Crochiere ef al. [7] reported performance at 2 bits/sample of
10.9 dB for an adaptive predictive PCM {ADPCM) system and
11.1 dB for their subband coder of the same rate. Our vector
quarntizers provide at k& = 3 about 0.7 dB improvement in open
tests and about 1 dB in design performance. Atk =4, there is
roughly 1.5 dB improvement in the open test, and about 2.4
dB in the design performance over the reported subband coder
performance,

Of course; the above comparisons must be taken with
appropriate caution, especially when the SNR is computed
and compared for short segments.  In all cases considered,
however, a block length of 3 or 4 sufficed for 2 2 bit/sample
~ vector quantizer to provide slightly better long term MSE
performance than that of the other systems considered.

VIII.‘ COMMENTS

Figs. 1-4 demonstrate the relative performance of vector
quantizers designed for real speech and simulated speech.
Tables II-IV provide similar results for real speech for longer
iraining sequences and indicate the performance of using the
codes on open tests, that is, on speakers not in the training
sequence. Comparison of these results with each other and
theoretical bounds based on information theory yield several
conclusions. Roughly 8 dB in performance improvement is
achieved in design performance and 6 dB in open test perfor-
mance by the 8§ bits/block codes over the optimum PCM.
This improvement is greater by at least 4 dB than that
predicted by design experiments on the simulated speech.

In addition, the performance achieved was several decibels
better than that predicted by model based information theory
bounds, This suggests that except for PCM, theoretical per-
formance bounds based on the model are of little use in
predicting performance for real speech—even though the mode!
is of order 10 and the largest block length is 8. ‘

It was also found that longer training sequences with more
speakers yield lower design performance, but higher open test
performance for the cases considered. Furthermore, the code

-obtained for the larger sequence gave performance for the first

speaker close to that of the code designed only for the first
speaker. These results reinforce the theoretical convergence
results of [23]. '

The performance on the simulated speech was close fo that
of approximate bounds to the optimal achievable distortion at
a fixed dimension for the larger dimensions, suggesting that on
these sources the vector quantizers were nearly optimal. In
the 1 bit/sample MSE case, the results were within 1 dB of the

distortion rate bound, the optimal achievable perfonnance for

any dimension,

- The performances of the vector quantizers were compared

with several popular waveform coding systems of 2 bits/
sample. The higher rate codes were shown to provide slight

_improvernents in long term SNR over the best of the popular

systems, This shows that existing systems jare performing
fairly near the opiimal performance achievable using short
vector quantizers, It also shows that short vector quantizers
in principle provide an alternative technique for achieving
this performance.

The vector quantizers -consxdered here have one clear dis-
advantage with respect to the other systems in that they have
not been implemented in real-time hardware, The quantitative
comparisons of this work are based on average distortion and
not implementation complexity. The full search vector quan-
tizers are not well suited to sofiware or fiyrmware use because
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of the large searches required. For example, 1 bitfsample full
search quantizer requires the computation of 256 energies
of eight-dimensional error vectors, and the setection of a code-
word with a minimum energy for each vector consisting of
eight consecutive samples. Fast search algorithms using tree-
" searched vector quantizers have been shown to provide much
reduced search effort (16 energies in the above code example)
with only small losses of performance for voice coding [23]
and waveform coding of Gauss-Markov sources [24}. Other
vector quantizer encoder structures are currently being studied
that provide other complexity/performance tradeoffs, The full
search vector quantizers remain of interest, however, as a
benchmark for comparison for other schemes of comparable
rates and dimensions. In addition, the general vector quan-
tizer structure has several possible advantages over the popular
schemes. )

1) Given a code structure, the code is optimized by a
straightforward iterative computer procedure without the
need for human injected “bells and whistles” in the design.

2) Untike DPCM and similar systems, there is no feedback
loop and no predictor is required. Hence, channel errors can-
not propagate past the block length (here of eight or fewer
samples).

3} There are no expHcit models required for the optimiza-
tion procedure.

4) The algorithm of [21] can be run for quite general distor-
tion measures. For example, minimizing a distortion measure
of the form d(x,X)=lix - XI*/ixl* would maximize the
average short term or segmented SNR, a currently fashionable
fidelity criterion,

5) Shorter block lengths are required for a given perfor-
mance than for other vector quantizer schemes such as
transform coders.

APPENDIX
Centroids
To find the vector # that minimizes

K X
A@w)=Y. dlxpu)=3" (- u)'B(x; - u)

for a symmetric positive definite B, first form the triangular
decomposition B = G*G where G is lower triangular and posi-
tive definite, We then have that

K
A= lIGx; - Gu|®.
i=1
From Linde ef al, [21], this is minimized if
K
Gu=K"'%" Gx;
=1
and hence since & is invertible, A{#) is minimized by
K
u=K13%" x,
i=1

the Fuclidean center of gravity of the {x;}.
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Differential Entropy of Autoregressive Processes

Given an autoregressive source {X,} as in Section III, we
wish to show that for any k and vector X ={Xo, -~ , X5 4),
h(X)=k(h(Z)+1og o). First fix initial conditions X;=x;;
i=-M,---, -1, and observe that then X =04Z + b where 4
is a lower triangular matrix with elements (4);; = a;-; where
a=0 for i<j or [i-ji>M and & depends on the initial
conditions and the &;. From Problem 1.33 of McEliece [35],
the conditional differential entropy '

XX =%y, Xy =x)=h(Z) +1og |/}

where J is the Jacobian of the transformation f(Z)= 0AZ + b.
The Jacobian is given by det (sd)=0*. Since the Z; are
independent, h{(Z)=kk(Zy), and hence the conditionat dif-
ferential entropy above is given by & {f(Z) +log ¢} regardless

of the initial conditions, and hence

h(XIXfm: T »X—J.) =- J‘fx_m, SRR ol (x—nn T :x—l)
MXNX =Xy, X =x ) dx o, dx
=k{h(Z) +log o}. {Al)

From McEliece [35, Sect. 1.3], A(X) >h(X|X_m, v,
and the desired result follows.

X.4)

Froof of (21}
From Gradshteyn and Ryzhik [36, p. 937, eq. 8327] as

koo,
T(1+Kk/2) 2 (1 + k)0 W2 o 2 o

whence
eI(L + K/ (1 + kf2) 2= (1 + kf2)H* o215 (2m) %
el (L + &[22 /(1 + kf2) = (1 + kf2)M*

—2lk 1k _-
e 4% (2m) -;-_*:;*3'1.
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