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ABSTRACT - A new approach for the extended partial distortion search (EPDS)
algorithm is proposed to optimize the EPDS algorithm based on the cost ratio
of sorting time to dimension-distortion computation time. The result of this
approach is the same as using dynamic programming (DP) to improve the
computation time in the EPDS algorithm. The partial distortion search (PDS)
algorithm can also be improved by dstermining which dimension is suitable to
start inserting comparisons for every codeword. Experimental results confirm
the improved computational performance of these new approaches.

INTRODUCTION

Vector quantization (VQ) (Gray, 1984) has widely been used in speech coding, speech recog-
nition, and image coding. One of the most serious problems in VQ is the search cost to find a
minimum distortion codeword from a given codebook. In order to reduce the search cost, the
partial distortion search (PDS) algorithm (Bei & Gray, 1985) has been proposed. The PDS is
one of the simplest methods for fast search. The efficiency of PDS derives from elimination
of an unfinished distortion computation if its partial accumulated distortion is larger than the
current minimum distortion.

The extended partial distortion search (EPDS) algorithm (Chen & Pan, 1989) is a modified
version of PDS which optimizes the calculation in terms of the number of multiplications for a
minor overhead in data sorting. It can be used in vector encoding and word recognition. For
the vector encoding, it computes the dimension-distortion for the first dimension of the input
vector to the first dimension of all codewords, then sorts the dimension-distortion o obtain the
nearest codeword. The distortion for the input vector to the nearest codeword in the second
dimension is calculated and added to the previous distortion of the same codeword. [t soris
the dimension-distortions again to obtain the nearest codeword. The procedure continues uniil
the last dimension-distortion is calculated and the distortion is smailest.

The EPDS algorithm is suitable for computer architectures in which the complexity of compar-
isons is negligible with respect to that of the multiplications. However, EPDS is less suited to
processor architectures such as those based on the Harvard architecture in which comparisons
are computationally expensive. An improvement of the extended partial distortion search ap-
proach is proposed here. It involves inserting the sorting operation from a suitable dimension
to minimize the EPDS search cost for any computer architecture. The PDS algorithm has the
same problem as the EPDS algorithm when operated in processors in which the cost of com-
parison is significant. For the improved PDS method, determining which dimension is suitable
fo start inserting comparisons for every codeword can be assessed from the training data.

This next section of this paper describes the EPDS algorithm, derives the improved EPDS
algorithm and proves theoretically that by using dynamic programming (DP) to decide which
dimension is suitable fo insert, the result is the same as this approach. It also describes the
improvement of the PDS. Database and experimental results are discussed in the following
section. Conclusions are given in the last section.
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IMPROVED VQ SEARCH ALGORITHMS

Extended partial distortion search

The EPDS is an opiimal PDS in the sense of reducing the number of multiplications. It can be
used in vector encoding and the frame-distortion accurnulation in a word recognition system.
The detailed algorithm of the EPDS in vector encoding is described as foliows.

step 1: Let |; = 1 and calculate the distortion D; = (x, — cy1)? between the first dimension x, of
the input vector X and the first dimension c;; of the ith codsword C;, fori = 1to N. Here N is
the number of codewords and ; is the 1;th dimension for the ith codeword.

step 2: Find D, = Min;D; and s = argMin; D;.

step 3: If L, = k, then set the sth codeword to be the best maich and terminate the program;
otherwise, set l, = 1; + 1, calculate the encoding disioriion of x,, by using the sth codeword and
add it to D, and go to step 2. Here k is the dimension of the input vecior and codewords.
Improved extended partial distortion search

In the improved algorithm, the sorting of the accumulated distortions to find the minimum Dsis
performed only after the first j dimensions’ distortion terms have been accumulated for avery
codeword, where j is chosen to minimum the total computation. Let r be the cost ratio of
the sorting time to dimension-distortion computation time. To insert the sorting to dimension-
distortion accumulation at the jth dimension, the cost of sorting is T, but there is a decrease
of N — m,; dimension-distortion computations. Here N is the number of codewords and ™;
is the average number of codewords whose distortion computation cannot be omitied at the

sorting insertion of the jth dimension. From the above description, the foliowing two equations
are satisfied.

m>1, =1, k-1 (1)

mi> My, j=1,.,k-2 (2)

Lot A(j} be the global advantage function of inserting the sorting from the jth dimension onwards.
The advantage can be expressed in terms of N, k, m; and r as foliows.

Ak)=0 (3)
AGY=AG+1)+VE), j=1,..,k—1 )
where V (j) is the local advantage due to sorting at the jth dimension, given by

V()= (N~ m)—myr=N-(r+T)m, &)

From equation 2 and 5,
VE) > V() if i>7 (6
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Hence there is some t (1 < t < k) such that

V() >0 for j=t,. k=1 (7)

VGO for j=1,.,t—1 (8)
and so

Alt) > AQ), 1=,k t#] )

This value t is the optimal sorting insertion dimension for the given value of the cost ratio .

From equations 2, 4, 5 and 9, the cost interval r, cormesponding to the sorting insertion dimen-
sion t can be derived.

N
0<r < ——1, t=1 (1)
my
N o icrn<e Mg =2, k-0 1)
mi_y my

From the training data, calculate the cost interval r;, j = 1 to k — 1. The optimal sorting insertion
is from the jth dimension if the cost ratio of the computer architecture lies in the cost interval r;.
For the conventional exhaustive full search method, Nk dimension-distortions are computed
corresponding to the computation time of Nk multiplications, N(2k — 1) additions, and (N - 1)
comparisons. One dimension-distortion computation involves approximately the computation
time of one multiplication and two additions. The sorting time is N — 1 comparisons for the
basic soriing method. The computation time of EPDS and improved EPDS are Nk — A(1) and
Nk— A{t). The performance of EPDS, improved EPDS, and the improvements of the improved
EPDS are as {ollows.

EPDS performance = Nk - AQ1) (12)
Nk
~ Al
Improved EPDS performance = l‘—c—ﬁk—(t) (13)
Aft) - A(Y)
1 ments= S~ 24 4
mprovements Nk —A(T) (14)

Dynamic programming in EPDS algorithm

To use the dynamic programming in EPDS, the accumulated advantage and the inserting point
of control path can be expressed as follows.

Dalp) = Max{Dali}+ V({p}}, i=1,..,p—1 (15)

j= argMax{Da(i)+V(p)}, i=1,..,p-1 (16)

where p is from 1 1o k, j is the inserting point and Da(0) = 0.
The local advantage of the next dimension is larger than the present dimension if the sorting is

inserted. From the ith dimension to the last dimension sorting must be inserted if the sorting
insertion is from the ith dimension. Due to the monotonous property of equation 6, the improved
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extended partial distortion search algorithm is the same as using dynamic programming (DP)
in extended partial distortion search to decide which dimension is suitable to insert sorting
operations to reduce computational complexity, i.e., if the sorting is at the jth dimension, then
the sorting should be inseried at the kth dimension if k is larger than j. From the above proof
and description, the sorting is from the ith dimension if V(i — 1) is smaller than or equal to 0
and V(i) is larger than or equal to 0.

Improved partial distortion search

Let r be the cost ratio of the comparison computation time to dimension-distortion computation
time. The improved partial distortion search algorithm can be described as follows.

step 1: Setl=1.
step 2: Seti=1and dy, = 0.

step 3: Calculate the distortion d for the ith codeword to the Ith training vector. Compute
the saving dimension-distortion number M}, and the induced comparison number Ci, at the
insertion from the jth dimension for the ith codeword. Set dni, = Min(d ., d).

step4: lf i < N, seti=1i+1andgoto step 3. Here N is the number of codewords.

step5: 1 < T,setl =1+1and go to step 2; otherwise, set ¢l = T"Zf_, Cj, and m} =
T-13 L Mi. Here 1= 1to T and T is the number of iraining vectors. The comparison staris
from 1(i) for the ith codeword if 1(1) = argMax;{(m} — rci).

EXPERIMENTAL RESULTS

The speech databases used in training and test experiments consist of one hundred words
recorded from five male speakers separated into three sets. The sampling rate used is 16 kHz
and 12-dimensional cepstrum cosfficients are computed over 20 ms-wide frames with 2 5 ms
frame shift. The first data set recorded from two speakers is used lo agenerate the codebook.
Cost intervals for the improved EPDS algorithm and the inserting dimension of comparison fo
every codeword for the improved PDS algorithm are computed from the codebook using the
second data set recorded from two other speakers. The third data set recorded from the fifth
speaker is used to test the performance of these approaches.

Table 1 illustrates cost intervals of 16 codewords and 128 codewords. From these cost intervals
and the cost ratio of sorting time to dimension-distortion computation time for a given computer
architecture, the dimension of sorting insertion can be decided. For example, the inserting
should be from the third dimension if the cost ratio of the computer architecture is 6 for 128
codewords. The performance comparison of improved EPDS and EPDS is shown in Table 2
and Table 3. These efficiencies can be calculated from equation 12, 13, and 14 by using the
maximum cost ratio from Table 1. For 128 codewords, if the cost raiio is 7.55, the performance
of EPDS is 67%, but that of improved EPDS will be 50% for inserting from the third dimension,
it improves 26%.

The 12-dimensional cepstrum cosfficients with variance weighting and 256 codewords are used
in the experiment of PDS, improved PDS and dynamic programming in PDS (Fissore et al.,
1993). The purpose of variance weighting is to equalize the importance of every cepstrum
coefficient. The experimental results are shown in Table 4. The performance is compared with
the standard PDS. These results show that the performance of the improved PDS is almost the
same as using DP to improve the performance of PDS. General speaking, if the cost ratio of
computer architecture is smaller or equal to 1.2, it is better to use the improved PDS than DP
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in PDS for the cepstrum coefficients with variance weighting.

inserting | cost intervals of | cost intervals of 128
dimension | 16 codewords 128 codewords
1 0.00, 1.56 0.00, 2.03
2 1.56, 3.29 2.03,4.99
3 3.29, 4.32 499, 7.55]
4 4.32,6.12 55,134
5 6.12,7.43 13.4, 19.5]
6 [7.43,8.92 19.5,29.3
7 8.92, 10.1 29.3, 33.0
8 10.1,11.6 39.0,529
9 116,126 52,9, 67.7]
10 12.6,134 677,842
11 134,143 [84.2, 104}

Table 1: cost intervals of 16 codewords and 128 codewords

inserting EPDS improved EPDS | improvement
dimension | performance | performance
1 41% 41 % 0%
2 63 % 58 % 8%
3 76 % 66 % 13 %
4 99 % 77 % 22%
5 116 % 84 % 28 %
6 135 % 90 % 34 %
7 150 % 93 % 38%
8 170 % 97 % 43 %
9 182 % 98 % 46 %
10 192 % 99 % 48 %
11 203 % 100 % 51%

Table 2: the performance of 16 codewords

inserting EPDS improved EPDS | improvement
dimension | performance | performance
1 29 % 29% 0%
2 45 % 42 % 15%
3 67 % 50 % 26 %
4 107 % 60 % 44 %
5 148% 68 % 54 %
6 215 % 78 % 64 %
7 281 % 84 % 70 %
8 376 % 0 % 76 %
9 478 % 95 % 80 %
10 590 % 98 % 83 %
11 724 % 100 % 86 %

Table 3: the performance of 128 codewords
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cost ratio | DP in PDS | improved PDS |
0.1 Q0% 0.82 %
0.3 2.9% 4.0%
0.5 7.9% 79%
0.7 12.4% 12.1%
0.9 16.3% 16.1%
1.0 17.3% 181 %
1.2 20.8% 215%
1.5 27.7 % 26.0 %
2.0 33.8% 31.7%
3.0 42.6 % 40.5%
4.0 48.5 % 47.9%
50 551% 53.1%

Table 4: the performance of DP in PDS and improved PDS {percentage improvement on
standard PDS)

CONCLUSIONS

An improved extended partial distortion search approach is proposed. This improves on the
efficiency of EPDS by optimizing the dimension at which partial distoition sorting is inseried
according to the cost ratio of sorting fime to dimension-distortion computation time. The
technique can also be applied to frame-distortion accumulation in a word recognition sysiem.
The performance of this approach is the same as using DP to decide which dimension is
suitable to insert the sorting operation. The improved partial distortion search algorithm is also
presented. Experimental results confirm this new approach.
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