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ABSTRACT determined number of classes. Each class is represented by a

small set ofcodevectors, which is a segme@, (in Figure 1) in

In this paper wepropose a simple fast-search VQtlo€ LSF’'s to  the optimalcodebook. The union ofall sets (classedprm the
be used on top of theplit VQ, thatis, in each of thesub-vector optimal codebookand the setsnay overlap. Oncehe class is
domains. The maitrait of theproposed method ihat nosub-  determined, a full-search is conducteeer the set of that class
optimal codebooksire used and there is no further reduction imnd possiblyover a few neighboringets. The set to searched
performance. In each sub-vector domain, a full-size optimallg small, yetthe optimalcodevector(the one selected by a full-
trainedcodebook, typically osize 1024, is searched using a fastsearch) is included (and selected) with extreméligh
search algorithm. The result of this search is identical to that opeobability. Notethat CVQ requires about the same even
full-search, yetonly about 25% of a full-searchomplexity is slightly more memory space since theully optimal main
needed. codebook isused. Thereduced-memory VQ problem is not

addressed in this work.
1. INTRODUCTION

The design of the classifier is the main issue GVQ.
Most of modern speech coding algorithmse the linear Sophisticated classifiers partition the spaeery efficiently,
prediction (LP) parametefsr describingand codingthe speech resulting in small class setsHowever, theyrequire additional
spectral envelope [1]. The LP parameteme commonly computations anchemory. The expense of such classifiers may
transformed to line spectral frequenci@sSF) [2] for more undo their benefit. In this paper we deal with t@pes of
efficient quantization and interpolation. classifiers. The first is based on VQ. Thewu is based on

simple feature extractiofior which the addedcomplexity is
Various methods for coding and transmitting the LSF's have beafmost negligible.

studied. Earlier works were based on scalar quantiz§®ipn
The demandor higher performance at lowbit rates has shifted
the focus tothe use ofmore powerful, yet more complex, vector

quantization (VQ) techniques [3]. Typically, about Bils are ‘ C, ‘ C, ‘ C, ‘ ..... ‘ Cu ‘
assigned to coding 10-dimensionsF vectorswith a resulting

spectral distortion of less than 1dBlowever, 30-bit full-search K )

VQ is totally impractical in terms of both computational ) 3

complexity and memory space. 1 N

Various standard sub-optimabw-complexity VQ techniques X Classifie

have been usefbr codingthe LSF's. Theamostcommonlyused !

method isthe split VQ[3]. A 10-dimensional LSF vector is VO _
partitioned intotypically three sub-vectors of size 3, 3 and 4. Codebook € :
Each sub-vector ighen independently coded. Thisethod

reduces thecomplexity and memory space significantly at the Figure 1: Classified VQ

price of reducingthe overallcoding performance. However,

unstructured full-search VQ of tHeSF sub-vectors istill too Sections 2 to 4, describe tf‘m‘oposed classifiers and CVQ
complex for many applications. systems. The systenase characterized byomplexity, memory

o . . and performance. Theomplexity unit is theeffort required to
The problem addressed this paper is the reduction of the LSFCornpute a weighted distanper dimension. So, theomplexity

split VQ complexity without a compromi.se in performance. They - | dimensional VQ of siz&l is KIN. Thememory is given
fast VQ methods propo.sed heaee applied teeach sub-vector i, yormg of computer words. The performance is measured by
independently and ach|eva same level .oberformance at average spectral distortion in dB [3]. Another performance figure
about 25% of the full-seardplit VQ complexity. The proposed ;o ha percent number of miss-quantizegctors, namely
method is based on classified VQ (CVQ) [4], originally used ilyiterent from the ones obtained by full-search VQ this work,
image coding [5]. Irlassified VQ, shown in Figure 1he input o 55sume a 3, 3, 4 split of the-dimensional LSF vectand a
vector is first determined to belong to a certain class out of a pr&sqebook  of 1624 codevectors for eachSF  sub-vector.



Extensions cambviously bemade for different dimensions and As an alternativeway to dealing with a discrete number of
sizes. Section 5 provides a comparasuenmary of simulation disjoint classes, it is possible to seamler a specified range
results for the proposed systems and concludes the paper. around a location pointed to ltye classifier. This is equivalent
to having overlapping clasets. The need to maintain classes
2. CVQ WITH VQ-BASED CLASSIFIER can be alleviated by puttingll codevector means ithe class
table andperforming SQ of size 1024. The classifien@v able
The classifier of thissystem is based on VQ. The optimalto point toany codevector irthe codebook. The codebook is
codebook ispartitioned into N sets (classes) defined Hy searched within a windowed range of indices ardimedselected
centroid vectorshat are members of the optin@ddebook. The pointer. The added classifier complexity 8flog(1024) is still
codebook isrearranged sucthat a centroid andll its nearest marginal.
neighborsoccupy acontiguous segment dhe codebook. An
index table is usetbr pointing to centroids.The classifier uses The location ofthe window is determined byhe profile of the
this table to findM nearest centroid candidates (classes) to asrdered means. A typical curve is shown in Figure 3. To
input sub-vector. Theorrespondingsets are then searched foraccount forthe curve nonlinearity.the window center can be
the final codevector. Theomplexity ofthis scheme isoughly  dynamically shifted so that flatteregions (where themean
100N +1071024IM / N. The addednemory(index table) is provides lesser discriminationdre better covered than the
3N words. Table 1 showshe performance trade-off for steeper ones. Ldtbe the pointed index and/ the window

variousM, N values. width.  The VQ search range ifrom |-A(I)0W to

I +(1- A(1)IW, A(l) as a function ofl should befound

3. LOW-COMPLEXITY CVQ WITH A experimentally. Roughly, A< 0.5, A=05 and A> 05 for the
MEAN-BASED CLASSIFIER regions marked by 1, 2, 3 in Figure 3, respectively.

In this systemthe classifier uses the mean of thé-vector as a The complexity of this scheme is Jog, (1024 + 1QW

discriminating feature. Thecodebook is geometrically =30+ 1QW. The addedmemory is 31024 words. The

partitioned into classes by parallel hyperplanes as illustrated jarformance versus window size fthis method is given in
Figure 2 for a two-dimensional case. To accomplifsl, the Tple 3.

codebook isrearranged in an order of increasiogdevector
means and then divided ind equal-size setsN means of the 3

1st vector in eactset are held in a class table. The classifier
extracts the mean of the inpwector and performs scalar . .
quantization (SQ) using this table. The result of the SQ points to .
a certain set in theodebook. This set andM —1of its closest
neighboringsets (a total oM candidates) are searchfs the 2r /
final codevector. /
The complexity ofthis scheme isgog(N)+10m0241M /N- The g ! ? :
1st and 2nd terms arfor the classifier and the quantizer,
respectively. The addednemory is 3N words. The l
performance trade-off for various valueshdfandN is shown in /
Table 2. 05
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Figure 3: Ordered Means of LSF Codevectors
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4. LOW-COMPLEXITY CVQ WITH A
MIDDLE-COMPONENT CLASSIFIER

. A trivial feature of &-dimensional LSF sub-vector is the value of

the middlecomponenindexed by roundk{2). Since theLSF’s

are monotonically increasingthe middle component roughly
follows the mean. Theystem is as in section 3 excepat the
o1y i middle component replaces the mean.

0.3

0.2

0 01 02 03 94 05 06 07 08 The geometrical interpretation tis method isthe partitioning
of the LSF space by hyperplanéisat are allorthogonal to the

Figure 2: Mean-based Partitioning of the LSF Space



middle component axis, as shown in Figure 4 forthe 2- Num.

dimensional case. of Performance

Class Number of Candidates

The advantage here tilsat no additionainemory isneeded since
the middlecomponentsre in thecodebook. It is therefore of
interest to measure the discriminatipgwer of this simple 16 | SD(B) 0889 | 0764 | 0.757

1 3 6 8 10

featurefor classification purposesThe codebook isrearranged Complex | 10.1% | 24.7% | 44.9%
in an order of increasing middle components. As befeitber Missed 52.0% | 4.38% | 0.08%
the class table or the window methods can be used. Memory | 0.47% | 0.47% | 0.47%
32 | sSD(dB) 0.917 | 0.770 | 0.758 | 0.757
In the class table approadK, equally spacedodebookindices Complex | 7.49% | 15.4% | 26.6% | 33.7%

. . . : Missed 61.1% | 9.55% | 0.81% | 0.17%
form anindex set to a class tabldJsing this table, the middle Memory 094% | 0.94% | 0.94% | 0.94%

component ofthe inputvector is scalar quantized to select a4 SD(dB) 0953 | 0782 1 0760 | 0.758 | 0.757

segment (class) in thmdebook. M neighboring classesre then Complex | 85% | 12.4% | 18.1% | 22.0% | 25.5%
searched forthe final codevector. The complexity is Missed 71.2% | 17.3% | 1.71% | 0.35% | 0.1%
Fdog(N)+1a01024IM / N. The addednemory iszero. The Memory | 1.88% | 1.88% | 1.88% | 1.88% | 1.88%
performance trade-off for this scheme is given in Table 4. Table 1: CVQ with VQ Classifier

In the window method,the SQ table includes 1024 middle[ gm.
components. Theodebooksearch is done as described il of | Performance
section 3. The complexity for window width W is Class
3log(1024+ 10W. The addedmemory is zero. The

performance trade-off for this scheme is given in Table 5.

Number of Candidates

1 3 5 9 17

16 SD(dB) 0.903 | 0.759 | 0.757
Complex 6.4% 18.8% | 31.4%
Missed 62.8% | 1.86% | 0.11%
1 Memory 0.47% | 0.47% | 0.47%
32 SD(dB) 1.113 | 0.793 | 0.761 | 0.757
Complex | 3.27% | 9.52% | 15.8% | 28.3%

09l ) ' g

0sk _ Missed 86.5% | 21.2% | 3.31% | 0.16%
. . Memory | 0.94% | 0.94% | 0.94% | 0.94%
07 — ] 64 | SD(dB) | 1.505 | 0.939 | 0.816 | 0.763 | 0.757

Complex 1.74% | 4.86% | 7.99% | 14.2% | 26.7%
Missed 96.8% | 64.3% | 29.5% | 4.9% 0.2%
Memory 1.88% | 1.88% | 1.88% | 1.88% | 1.88%

Table 2: CVQ with Mean Classifier

1 Performance Window Width
0.1r ] 50 100 140 200 252
0 0.1 0.2 03 L%él 0.5 0.6 0.7 0.8 SD(dB) 0.918 0.785 0.764 0.758 0.757
Complex 5.18% 10.06% | 13.97% | 19.82% | 24.90%
Figure 4: Second Component Classifier Missed 57.6% | 16.35% 5.19% | 0.78% | 0.25%
9 : P Memory 30.0% | 30.0% | 30.0% | 30.0% | 30.0%
5. PERFORMANCE OF THE PROPOSED Table 3: CVQ with Mean Classifier - Window Method

SYSTEMS

Table 6 summarizes thgerformance ofall the CVQ systems
Tables 1 to 5 showhe performance trade-off between number oftested. It isshownthat anaverage distortion of a full-search VQ
classes and number of candidates or window widththe can be achieved by low-complexity CVQ aily about 25% of
systems described in section4. For easy comparison, #he full-searchcomplexity and with avery small miss-coding
complexity and addednemoryare expressed in percent of thecount. This is accomplished kile VQ and the mean-based
full-search VQ respective values. The number of miss-codeghssifier. The middle-component systems achithee target
vectorsaregiven in percent dfhe test sequence size (20000 LSFperformance with highecomplexity but require no additional
vectors). A full-search 10-biplit VQ over the testsequence memory.
used in the experimergives an average spectral distortion of
0.757 dB. This is the targgerformance othe proposedow-
complexity systems.



Num. 1
o | Perormance Number of Candidates )
VQ Classifier
. N
1 4 7 13 26 0.95 \ R Sum Classifier
. \\ ......... Sum Window
16 SD(dB) 0.977 0.761 0.757 g \\ R 2nd Component Class
Complex 6.4% 25.2% | 43. 8% g 09F \ \ ) )
Missed | 70.7% | 2.04% | 0.13% g v *# s+ 2nd Component Window
Memory | 0.47% | 0.47% | 0.47% 8 F
32 SD(dB) 1.242 0.800 0.764 0.757 %0.85, ‘\ ' |
Complex 3.27% | 13.6% | 22.0% | 40.8% § \
Missed 90.5% | 19.0% | 3.28% | 0.17% \~\
Memory 0.94% | 0.94% | 0.94% | 0.94% \
64 | SD(dB) 1.664 | 0.939 | 0.815 | 0.766 | 0.757 08r ’ 1
Complex 1.74% | 6.43% | 11.1% | 20.5% | 40.8%
Missed 97.9% | 57.3% | 24.6% | 4.19% | 0.15% e
Memory 1.88% | 1.88% | 1.88% | 1.88% | 1.88% 0.75 . : : . : : : . :
85 9 9.5 10 10.5 11 115 12 12.5 13 13.5

log2(Complexity)

Table 4: CVQ with Mid-component Classifier ) ) . )
Figure 5: Spectral Distortion versus Complexity

Performance Window Width
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