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TABLE I
NEw OpTiIMuM GoLOMB RULERS.

Marks | Ruler
17 0,8,31,34,40,61,77,99,118,119,132,143,147,182,192,194,199
18 0,11,24,28,49,63,68,86,118,127,133,134,160,163,194,206,214,216
19 0,4,13,15,42,56,59,77,93,116,126,138,146,174,214,221,240,245,246

IV. CONCLUSION [10] J. Robbins, R. Gagliardi, and H. Taylor, “Acquisition sequences in PPM
communications,1EEE Trans. Inform. Theortyol. IT-33, pp. 738-744,
Sept. 1987.

The parallel implementation of the Shift Algorithm has bee 11] J. P. Robinson and A. J. Bernstein, “A class of binary recurrent codes

successful in identifying three previously unpublished Optimu with limited error propogation,TEEE Trans. Inform. Theorwol. IT-13,
Golomb Rulers, and is currently searching for the 20 mark Golomb  pp. 106-113, Jan. 1967.

Ruler. [12] J. B. Shearer, “Some new optimum Golomb ruletEEE Trans. Inform.
An important research result is the demonstration of reliable Theory vol. 36, pp. 183-184, Jan. 1990.

parallel computation for extended execution times. Fault toleranB&] W- O. Sibert, in a letter to H. Taylor and S. Golomb, Apr. 1993.

and restartability issues are addressed and have been shown to be

effective in assuring processing reliability for program runs in excess

of a month. Finally, previously unpublished results were found and

verified against independent findings from another researcher, O.

Sibert.
The sequential and parallel codes for the evaluation of Golomb

rulers are available via anonymous ftp from the directory

lusr/ftp/pub/golomb of the sitemacedonia.mhl.tuc.gr
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We generate the grap@ = (V, E), where the set of verticeE  and for asymmetric codes. In this section we review this method, and
represent the elements of the spd¢eThe edges can be generatedve also present an improved version of the partitioning method for
in two different ways. Either two vertices, , v, € V' are connected asymmetric codes. First, we define two metrics.
by an undirected edgév:,v2} if the distance between; and v Letu = (wi,u2, -, u,) andv = (vi,ve, -+, v,) be two binary
in the metricM is less thand, or, in the second approach, they arevectors of length:. Let N(u,v) denote the number of coordinates
connected if the distance between thenatideastd. (Occasionally, wherew is 0 andv is 1. The Hamming distance is defined by
a third graph representation, where vertices at distdntem each
other are connected, is useful.) Clearly, the graphs obtained in the dn(u,v) = N(u,v) + N(v,u)
two approaches are complements of each other. A set of vertices is o
anindependent sdiS) in G if its elements are pairwise nonadjacent@nd the asymmetric distance by
A set of vertices is @liquein G if its elements are pairwise adjacent. . o ’

With the former approach we want to find an IS of maximum size, and da(u,v) = max{N(u,v), N(v,u)}.
with the latter approach a clique of maximum size. The difficulties
of these problems are indicated by the fact that the general problémConstant Weight Codes

of finding an IS or clique of a given size is NP-complete [11]. The partitioning method for constant weight codes was first pre-

Coloring problems constitute another class of problems that agented in [19]; see also [4], the notations of which we use here. A
computationally hard to solve. One such problem is the chromapartition II(n, w) = (Xi,---,X,,) of the (Z) vectors of weightw
number problem: Given a gragh = (V, £), find the smallest integer is a collection of subcodeX; with minimum Hamming distance.

k, such that the vertices of the graph can be colore#l oolors, in  The vectorz(n,w) = (|Xi|,---,|X.m|) is theindex vectorof the
such a way that adjacent vertices are colored by distinct colors. Thisrtition T1(», w), and

problem is known to be NP-hard [11]. Note that each set of vertices
that are colored with the same color forms an IS.

In the literature, various approximation methods have been sug-
gested for these problems. Unfortunately, they are often only of
theoretical interest and do not perform well enough in practice its norm We always assumgX| > |Xz| > --- > |X,.|. When
Practical performance is of utmost interest, since these problethere are several different partitions available for a giveandw we
have found several important applications in areas includiggster often denote them bil;(n,w), ¢ > 1, and the corresponding index
allocation[5] and VLSI testing12], only to mention a few. Recently, vectors byz;(n,w), i > 1.
stochastic heuristics, such as simulated annealing and tabu searciihe direct product II(ni,w;) X I(n2,w2) of two partitions
have been used to obtained good colorings, see [14] and [16]. Herele:1, w1) = (X1, -+, X, ), l(n2, w2) = (Y1,---, Y, ) consists
develop that approach further using tabu search and greedy methofd¢he vectors
combined with ideas from evolutionary algorithms.

In this correspondence we discuss two types of codes: constant {(w,v): we X, veY, 1<i<m}
weight codes with minimum Hamming distande and codes with ) .
minimum asymmetric distance. We then get new lower boundsWherem = min{m,m.}. This code has length, + n, minimum
on A(n,4,w), the maximum cardinality of a code of length, —Hamming distance, weightw, + w2, and cardinality
constant weighte, and minimum distancd, and onA,(n, 2), the m
maximum cardinality of a code of lengthand minimum asymmetric a(ni,w) - T(na,we) = Z | X ||
distance2. For earlier results on these two functions see [4] and [6], i=1
[9], respectively. We shall here discuss heuristic approaches for IS . i n
problems and for coloring problems. These approaches result in goo_a-he _Constructlon:To pbtaln a code of .I(_ang_th, minimum Ham_-
(in the sense that earlier results in the literature are improved) cod84'Y distancet, and weightw by the partitioning method we write
of the above mentioned types. Extensive computer searches whre "'t T 72, choosee = 0 or 1, and take the union of the direct
carried out during this research. products

The rest of this correspondence is organized as follows. In Section o ,

. o . (n1,€) X M(no,w —€)
Il we review partitioning methods for constant weight codes and
asymmetric codes. Such partitionings are our main motivation for M(n1,e+2) x M(nz,w — €= 2)
the coloring problem. The version that we present is an improved M(ni,e+4) x M(ng,w—e—4)
version of the partitioning method for asymmetric codes given in [6].
In Section Il we briefly discuss the main heuristics used, namely, tabu
search, evolutionary algorithms, and greedy algorithms. Application ) ) )
of these heuristics to our problems is considered in Sections IV affy9et a code with the required properties and
V, where we also consider some tailored methods that can be applied ;
to further improve the outcomes of the algorithms. Section IV gl €) - mlng,w— )t an,e+2) - mlng,w—e—2)
devoted to packing and Section V to coloring. In Section VI we +r(ni,e+4) m(nz,w—e—4)+- -
present tables with new bounds on the size of constant weight codes
with minimum Hamming distance, and on the size of codes with codewords. For examples how the construction is applied to obtain

minimum asymmetric distanc2 The new codes and colorings arespecific codes the reader is referred to [4] and [19]. Codes obtained
published separately in a report [8] and on a WWW page. from this construction will be indicated later . The values of
ni,n2, e are as follows:

Tt
m(n,w) m(n,w) = Z | X [?
i1

F ; — n ; — _ —
Il. DEFINITIONS AND THE PARTITIONING METHOD « fortypep0, ny = [5], na =n—n1, e =0,

As indicated in the Introduction, research on the coloring problem* for typepl, ni = [5], n2 = n -, e =1,
was motivated by the partitioning method for constant weight codess for type p2, n1 = [§| =1, na = n —n1, € = 0.
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We next discuss the choice for a good partition. We say that one Ill. HEURISTICS USED

partition IT; (121, w1 ) dominatesanotherlly (ny, wy) if Throughout the years, a wide variety of heuristics have been
developed to attack problems that cannot be solved within reasonable
time using deterministic algorithms. Such methods have also been
holds for all choices ofn2, w2, and all possible index vectors applied successfully to many problems in coding theory; see [15] for
m(n2,w2). If a partition is dominated it never produces best knowa recent survey.
codes in the construction. The concept of domination induces a partialn this section we shall briefly discuss some general heuristics
ordering on partitions with the same valuesmofindw. A partition used in this work, namely, tabu search, evolutionary algorithms, and
II(n, w) is optimalif it dominates all other partitions or justaximal greedy algorithms. These can be applied when the problems have
if it is not itself dominated by any other partition. been defined in terms of combinatorial optimization. The function
Many best known partitions and the lower bounds obtained frothat is optimized is called theost function
them are given in [4] and [7]. In [7] there is also a method for Tabu search[13]is a so-called local search method. For each (fea-
improving on the codes obtained by the partitioning method, by usisgle) solution of our optimization problem, we definegighborhood

w1 (ny,wy) - w(ne, we) > wo(ny, wy) - 7(ng, ws)

certain types of partitions. consisting of solutions that in some sense differ only slightly from
the original solution. The search is now a walk in the solution space,
B. Asymmetric Codes where the next solution is the best solution in the neighborhood of

The definitions and the construction for asymmetric codes atrhee previous solution. To avoid looping and getting stuck in local

L ) - P(Ptima, reverses of recent moves are forbidden. (Attributes of) recent
similar to those for constant weight codes. These are reviewed for . : - . .
moves are stored in &bu list which gives the method its name.

completeness. Again, we want to remind that the construction here'i ; . .
P gam, For an in-depth treatment and for information on more advanced

an improved version of the one in [6], but the proof of its correctne%ssues of the tabu search heuristic, see [13]. To be able to apply this
is analogous and is thus omitted.

heuristic to our problems, we must define the concepts of solution,

_ A partition Ii(n) = (Xy. -, X”") Qf _the2 vectors OT Ier_lgthm cost function, and neighborhood. We shall have a closer look at this
is a collection of subcoded’; with minimum asymmetric distance in the next section
2. The vectorr(n) = (|X1],---,|Xm]|) is the index vectorof the )

The tabu search algorithm is essentially sequential: only one current

solution is kept in memoryEvolutionary algorithmg1], on the other
Y hand, constitute a large family of parallel algorithms: the search goes
m(n)-m(n) = Z Rl from a set of solutions to another set of solutions (clearly this can

=t also be done on a regular, nonparallel computer, so we do not have
is its norm We always assumgX;| > |Xz| > --- > |X,»|. When to run these programs on parallel computer systems).
there are several different partitions available for a giveand w In evolutionary algorithms several, say search processes are
we often denote them b, (n), i > 1, and the corresponding indexcarried out simultaneously. These processes interact periodically.
vectors byr;(n), > 1. Thedirect productll(n;) x IT(n2, w) of two  Different strategies exist for choosing the set of solutions from which
partitions, one partition of asymmetric codes and the other of constéime processes continue after an interaction. In our work, we only
weight codesII(n1) = (X1, -, X, ), H(nz,w) = (¥Y1,---,Yn,) borrow some of the numerous features of evolutionary algorithms.
consists of the vectors When the search processes interact, a new set of solutions is chosen
from a subset of the best among the current solutions (so this is a
so-calledelitist strategy [1, p. 97]).

A third concept that we shall mention is thatgreedy algorithms
which are here used in combination with genetic algorithms. A greedy
algorithm iteratively makes the best possible choice according to
some criterion. Thus also the tabu search algorithm is in some sense
greedy. A lot of different algorithms fall under the framework of

) ) o greedy algorithms; in the following sections we shall give specific
The Construction: To Obtaln a COde Of |ength and minimum details about the greedy heuristics used in this work.

partition TI(n), and

m

{(u,v): w€X;, vEY;, 1 <i<m}

wherem = min{m;,mz}. This code has length; + n2, minimum
asymmetric distance, and cardinality

m

w(m) - w(ne,w) = |X|

i=1

Y;

asymmetric distance by the partitioning method we write. = In addition to these general heuristics, many tailored heuristics
ni +nz, chooses = 0 or 1, and take the union of the direct productsave also been used in the search for codes and colorings. These will
be discussed in the following sections. In many cases, the new codes
i (nq) X O(nsa, €)

were found by combining several of the methods to be presented.
Ma(ny) X H(neo, €+ 2)

Ms(n1) x M(na, e+ 4) IV. SEARCHING FOR CODES

In the two types of codes discussed in this correspondence, we get
the following graphs, in which we want to find IS’s. For constant
weight codes, the graph consists (g’f) vertices, where each vertex
represents a binary word of length and constant weightv. We
m1(n1) - (g, €) + ma(ny) - w(na. e + 2) consider codes with minimum distan¢geso two vertices are adjacent
if the Hamming distance between their related words2isFor
asymmetric codes, on the other hand, a graph consit$ eértices,
codewords. For examples how the construction is applied to obti#jere each vertex represents a binary word of lengt@odes with

specific codes the reader is referred to [6]. In all cases here whEHimum asymmetric distanc are considered, so two vertices are
this construction gives the best known codes 0 is used. adjacent if the asymmetric distance between their related worlls is

The definitions for domination and for maximal and optimalhe search for good codes can now be divided into three parts:
partitions are analogous to those for constant weight codes. 1) Start from an initial set of codewords.

to get a code with the required properties and

+m3(n1) - w(ng, e +4)+---
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2) Use a heuristic to find a good code. Tabu searchwas recently used in [3] to search for mixed bi-
3) Use local improvement to further improve the final code. nary/ternary codes. One of the approaches in that paper is based on
Some approaches do not comprise the first and the last parts. the problem of constructing covering codes. We first consider the case
whend is odd. Then, if we in a grap&y' (where vertices at Hamming
distancel from each other are connected!) want to find a code with
A. Choosing Initial Codewords minimum distancel, whered is odd, we are looking for a set of

As for the choice of possible initial codewords, it is impossiblé!ertices (codewords) such that the spheres consisting of vertices at

to give general guidelines. Often, it is necessary to construct sudiftance at mostd —1)/2 from the codewords are not overlapping.

an initial set if we are searching for a large code, as the heuristic&/Sing this idea, we can define the three concepts needed to apply
ocal search algorithm such as tabu search. A solufiois any

otherwise do not converge properly. One method of choosing initial! / oo " ) X
words is to take a subset of words of a code recently found. If wigt Of 3 codewords for some fixed!. A neighbor is obtained by

have a set of initial codewords, we may or may not allow these fsplacing one vertex (codeword) with one of its adjacent vertices.
be changed during the remainder of the search. Finally, the cost is

In the construction of asymmetric codes, it has turned out that best o(C) = Z max(0, f(z) — 1) (1)
known constant weight codes can be used to get good sets of initial

codewords. If we want to construct a code of lengthnd minimum

asymmetric distance, we take a best known code (there may b@heref(z) is the number of codewords at distance at nidst 1)/2
several nonisomorphic such codes) of length- 1 with minimum from z. Since the distance between any two words in a constant

Hamming distance and constant weight close tor/2. One of the weight code is even, we can clearly use this approach by considering

coordinates of this code is deleted (depending on which coordinatSR1€res of vertices at distance at mast-2)/2 from the codewords.

deleted, we may obtain nonisomorphic codes), and the resulting Cdaéyeneral, however, more substantial modifications have to be done

with words of weightw — 1 andw will have minimum asymmetric Whend is even.

distance2. The search for the rest of the words is also made easiefN the construction of asymmetric codes in this correspondence
by the fact that words of weight less than— 1 and greater thaps  With minimum distance (even), we use an idea from [3]. Now, we
can be considered separately. also use the cost function given in (1), bittx) = g(x) + h(x)/K,

Constant weight codes proving the following bounds were usdy'ere g(x) = 1 if » is a codeword and:(x) is the number
as seeds in this search to get record-breaking asymmetric co&l{s?c’de‘{yords at asymmetric distande from = for some fixed
A(12,4,5) > 80 (in this case, local improvement was needed at th{é 2 [n7/2].
end of the heuristic search{(13,4,6) > 166, and A(14,4,7) >
325. These constant weight codes are from [4]. C. Local Improvement

Local improvements of packings were also discussed in [4] and
o [10]. In both these papers, an exchange procedure is discussed: for
B. Heuristics: Greedy and Tabu Search small values ofk, an exhaustive search is carried out where it is

The greedy searchapproach is based on ideas presented in [4letermined whethek + 1 codewords can be added after ahy
and [10]. Given a grapl? (constructed from the coding problemcodewords have been deleted. If such an operation is not possible
in consideration), we want to find a large IS. This is done in thier a givenk, the code is said to be-optimal. For large values df,
following way. At each iteration, we choose one vertex of minimurwhere such an exhaustive search is not feasible, a siimdaristic
degree in the current graph, add this vertex to the ¢ddand delete method is discussed in [4].
this vertex and all its adjacent vertices to obtain a new smaller graphln the search we can also utilize a variant of this. Namely, for a
This iterative process is then repeated from the new graphs obtailgicen small value oft, we can try to replace a set &f codewords
until there are no vertices left. by a different set oftc codewords. Of course, this jiggling does not

Clearly, there are often many vertices of minimum degree in thmprove the packing as it just leads to a different packing with the
intermediate graphs. In [4] the method of choosing the lexicograplsame parameters. However, through this operation we are able to get
cally least vertex is suggested (when the vertices are labeled with theeinew starting point for the rest of the search.
corresponding codewords). In [10] a random feature is suggested,
thereby also allowing for different solutions after repeated runs. In V. SEARCHING FOR COLORINGS
this work, we randomly choose one of the minimum-degree vertices,

but we also use features of evolutionary algorithms to make the Sea{cl§earch|ng for good colonng_s IS _much more @fﬂcult than sea_rchmg
more effective. or codes. Namely, as a coloring is a partitioning of all words in the

We carry outp (independent) search processes for codes aﬁaceF into codes, we want to find many good codes simultaneously

introduce an integer sequenee < r» < - - - of what we callcutoff In order to get a coloring with a big norm. Unfortunately, a direct

points Cutoff point¢ is attained when the codes have cardinalitﬁppro.ach t_o find such partitions is not feasible in ggneral. we s_haII

. . gre first discuss a general approach based on evolutionary algorithms
ri. At these cutoff points the search processes interact, after Whléfnd the code-searching algorithms discussed in the previous section
the search is continued until cutoff point+ 1, and so on. In the g alg P '

interactions, the new starting points (codes) for the search proces%rég then have a look at tailored methods for finding (parts of) good

are chosen by considering the sizes of the remaining graphs for thgartltlons.

codes. The codes with the largest graphs “survive” in this competition. ]

Different strategies can be used for this: either one (largest) graphforA Sequential Approach

a set of large graphs determine all new starting points. In the approach to be discussed here, the codes of a partition are
An indication of the quality of the greedy algorithm in searching foconstructed one by one. That is, we start from a code with largest

constant weight codes is given by the fact that we, in any implementegown cardinality, delete these words from the search space, and try

version of it, were able to find the (unique; see [4]) Steiner systetm find as large a code as possible using only the remaining words.

proving A(12,4,6) = 132. After this, we try to find a third code in the same way, and so on.

eV
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TABLE |
PARTITIONS FOR CONSTANT WEIGHT CODES

n ow m II(n, w) Norm
13 5 14 123,123,123,121, 113,109, 109, 106, 98, 89, 76, 57, 34, 6 135537
13 5 14 123, 123,123,122, 113, 109, 109, 106, 99, 88, 72, 55, 34, 11 135069
13 5 14 123,123,123,121, 113, 108, 108, 106, 96, 93, 77, 56, 34, 6 135483
13 6 14 166, 166, 166, 157,150, 144,141,134, 128,118, 98, 78, 50,19, 1 237248
13 6 14 166, 166, 165, 156, 150, 143, 140, 134, 130, 119, 104, 79, 47, 16, 1 237762
14 5 14  169,169,169,169, 155,153, 151, 148, 146,139, 131,113, 88,66,29,7 289940
14 5 14  169,169,169,169, 155,153, 151, 148, 146, 138,132, 113,92, 59,29, 10 289822
14 6 17 278,275,265,257,248,231,229,220,211,201,182,158,127,82,31,7,1 671763
14 6 16 278,273, 265, 257,250, 231, 229, 219, 211, 203, 184, 156, 127,81, 35,4 672203
14 7 17 325,322,307,298, 281, 265, 253, 250, 240, 228,198, 174,135, 85,50,16,5 875352
TABLE 1
LowER BOUNDS ON A(n,4,w), 21 < n < 28, 7 < w < 13
n\w 7 8 9 10 11 12 13

21 6156¢ 10753 16897 20188 20188 16897 10753
22 8252¢ 16430 25570 36381 39688 36381 25570
23 11638 23276 40786 57436 73794 73794 57436
24 | 15656 34914 59387 96496 116937¢ 146552 116937
25 | 2110670 46872P1 8874870  140605° 19644970 2289017° 228901
26 | 26920 65364P! 128050 218905  315700°° 39838172 42595072
27 | 35510 87709 1860587 3303477° 510571P* 675262P° 778872P!

28 | 44747 121403 2602247° 502068 806303 1154541 1400118*°

a -~ [7]
b — Partition from this paper with the method in [7]

pi — See Section IT.A

Thus the algorithms developed in Section IV can be used with ontlye search processes interact after each addition of a new subcode to
minor straightforward modifications to construct these codes; sorfe partition, and the partition(s) with the greatest norm become(s)
of the earlier ideas can also be carried over to this case to get tailote€ next starting point.
heuristics for making local improvements on partitions.

Actually, we can search for a new gode among a slightly Iargg The Permutation Method
set of words. Namely, it is worth adding some of the codewords . .
. " ... In discussing searches for good codes, we remarked that a construc-
in the partition so far to the search space. These are words with o . -

. . tl%n of an initial set of codewords before starting the heuristic search

the property that they can be interchanged with an unused war . T o . . ;

that th . dist. v of th beode is fulfill %ioccasmnallyjustlfled.Thls idea can immediately be carried over to
S0 that the minimum-distance p.rop.er yhO G elsu co ebls : "ethe coloring problem: good results may be obtained by constructing
If such a word of a subcode is in the final new subcode, tnﬁe first few codesusing a different method. For constant weight

aforementioned interchange of words is carried out. This idea Cgfges; this is conveniently done using what we call the permutation
be further generalized by considering pairs of codewords. method.

This method is greedy in the sense that it sequentially tries to findjn the permutation method, we start from a best known constant
as good codes as possible. To further improve it, we have usegygight code with given parameters. When a permutation is applied
feature from evolutionary algorithms as in searching for codes, hidt the codewords of the original codg , clearly the new cod€,
now on a higher level: in constructing codes, we are repeatedly addhgs the same minimum distance. ThugCif N C> = 0, these two
words, in finding colorings, we are repeatedly adding codes. Noegdes can be used as subsets of a partition.
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TABLE I
PARTITIONS FOR ASYMMETRIC CODES

nom II{n) Norm
9 11 62,62, 62,62, 58, 54, 51, 44, 34,19, 4 27726
9 11 62,62,62,62,56,56,52,44, 30, 20,6 27624
10 13 112,110,110,109, 104, 98, 95, 87,75, 61, 46, 14, 3 97306

11 14 198,197,194, 189,182,180,177,170,158,140,117,88,46,12 345380

To getk initial codes of a partition we now try to find — 1 TABLE IV
partitions such that the codes obtained by applying these to the LOwER BOUNDS ON A4 (7,2), 4 < n < 25
original code have as small intersections as possible. That is, if the
codes obtained (including the original codg) areC;, 1 < i < Fk, n Lower bound 7 Lower bound
we want| Uf;l C;| to be as large as possible. The size of this set is 4 40 15 9988%
at mostk|C'| with equality exactly when no two subcodes intersect.
Before proceeding, words that occur in several subcodes must be 5 6° 16 4280
removed from all but one subcode (which can be done in several
6 12 17 8308°
ways).
7 18 18 15762
C. Local Improvements 8 36¢ 19 99334¢
Apart from applying local improvements to improve one given
code, methods can be developed to improve partial partitions (for 9 62 20 56144
example, those obtained by the permutation method). One way to do 10 119% 91 107648¢
this is to first move some words from the large codes in the partition
to the small codes when this can be done without violating the 11 198° 22 201508°¢
mlnl_mum-dlstance criterion. After FhIS, any of the methods described 12 378 23 360870¢
earlier can be used to make local improvements to the subcodes from
which words were taken. As a result, the total number of codewords 13 699° 24 678098¢
used in the partial partition is increased.
Local improvements to improve one or several codes of a partial 14 1273 25 1313130°
partition can be applied at any stage of the search.
a — Seel6,9]
VI. NEw BounDs b — This paper (heuristic search)
As mentioned in the Introduction, the motivation for our work ¢ — This paper (partitioning)

was to try to find improvements on lower bounds for constant
weight codes with minimum Hamming distande and for codes

with minimum asymmetric distance. The codes and partitions Tne partitions used in calculating the bounds in Table IV are from
giving the bounds presented in the sequel are not listed in thi§s correspondence and from [4] and [6]; we also use the well-
correspondence. They can be found in a report published by igown fact that there is always a partitidf(n) with n + 1 codes

authors [8] and in electronic form from the following WWW pagej17]. Al the codes obtained by the partitioning method have used

http://saturn.hut.fi/ _“pat/codelist.html . N I(n1) x O(ny, w), wheren, is even andhy — 4 < ny < ny — 1.
In Table | we present the index vectors for the new partitions for

constant weight codes; these partitions can be used to get new lower
bounds for other constant weight codes. The parametierthe table ACKNOWLEDGMENT
stands for the number of codes in the partition. .
The partitions in Table | together with the partitions in [4] and [7] .The _authors _W'Sh to thank R. Bar-Yehuda for many helpful
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strategy based on the reordering. Such strategy confines the search to
a usually small class of candidates of high likelihood, whereby the
decoding complexity is significantly reduced. Basically, two general
different approaches exist, namely, the vector space associated with
either the code consider&d or with its dual spac€'* are processed.
These two spaces are, respectively, referred to agtspace and
the H-space of the code.

In [7] and [11], an algebraic decoder generates the successive
candidates processed by the algorithm. The vectors entered into
the decoder are obtained by systematically adding to the (bit-by-bit
hard detected version of the) received sequence error patterns whose
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low reliability. These reprocessing methods yield codewords to be
scored, hence the algorithms are of thespace type. In a different
kind of G-space algorithms [6], [8]-[10] an equivalent code is first
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