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Abstract

Decoding binary linear block codes is one of the most fundamental and significant
topics in the study of error correcting codes. There are two measures to evaluate de-
coding algorithms: the performance of correcting errors and the complexity of the
algorithms. These two measures are in a trade-off relation. A decoding scheme which
maximizes the performance is called the maximum-likelihood decoding (MLD), how-
ever, the complexity for MLD grows exponentially to the size of codes. At the sacrifice
of the performance of MLD, it is possible to reduce the complexity. An efficient de-
coding scheme whose complexity is reduced is called a sub-optimum decoding. In the
first half of this thesis, a new sub-optimum decoding algorithm is discussed. Recently,
Fossorier and Lin have proposed a remarkable sub-optimum decoding algorithm which
is based on ordered statistics of the communication channel. Their algorithm is simple
and shows near optimum performance. By combining techniques of MLD and Fos-
sorier’s algorithm, a new sub-optimum decoding algorithm is obtained in this thesis.
In the last half of this thesis, a novel MLD algorithm is proposed. Our idea is to reduce
the problem of MLD into an integer program with binary variables. Recently, Conti
and Traverso have developed an algorithm to solve a certain class of integer programs
by making use of Grobner bases. In this thesis, Conti’s algorithm is extended to solve
integer programs which represent MLD. The new MLD algorithm first reduces MLD

to an integer program, to which an extended Conti’s algorithm is applied.
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1. Introduction

1.1 Error correcting codes and their decoding

Error correcting code is a well-known and widely-accepted technique to realize a
reliable communication system of digital information over noisy communication chan-
nels. Linear block codes are families of error correcting codes which are easy to han-
dle with, and have been studied deeply. The most important problem concerning linear
block codes is, both from theoretical and practical viewpoints, realization of an effi-
cient decoding algorithm.

Decoding of an error-correcting code is to correct errors in a received sequence. In
other words, decoding is a problem to estimate the most likely transmitted codeword
from the received sequence which is observed from a noisy channel. Here we introduce
some elementary notations for error-correcting codes. We consider binary linear block
codes through the thesis. A codeword ¢ = (cy,...,c,) € {0, 1}* is said to have length n.
A linear vector space which consists of codewords is also called a linear block code. 1f
k is the dimension of the code, we call the code an [n, k] code. Since this code uses n
symbols to send k message symbols, it is said to have rate R = k/n. A codeword ¢ of an
error correcting code is said to be the most likely codeword for a received sequence r if
¢ maximizes P(r | ¢), which is the probability of receiving r when the codeword ¢ was
transmitted, among all codewords of the code. Thus the primal purpose of decoding is
to find the most likely codeword for a received sequence.

There are two approaches to realizing a decoding algorithm (or decoder) of error
correcting codes. The first approach is to try to find the most likely codeword for
a received sequence. A decoding scheme which is based on this approach is called
the maximum likelihood decoding (MLD). MLD is a powerful decoding scheme but it
usually consumes a large amount of computing time and space. Indeed it is known that
MLD is an NP-complete problem if arbitrary linear block codes are considered. For
this reason, MLD for linear block codes is considered practical only if the code to be

used is very small, say length 32 or less. In the second approach to realizing decoders,



CHAPTER 1. INTRODUCTION

we allow a decoder to make some mistakes. That is, a decoder successfully finds the
most likely codeword in most cases, but it sometimes fails to find the correct most
likely codeword. Of course this will degrade the reliability of communication, but the
computational complexity for decoding is expected to be reduced. A decoding scheme
which is based on this approach is called a sub-optimum decoding. Sub-optimum
decoding is important from the practical reason, and a large number of algorithms for
sub-optimum decoding have been proposed.

In the rest of this chapter, we briefly review some results on MLD and sub-optimum

decodings. Outline of this thesis is also provided.

1.2 Maximum likelihood decoding

A straight-forward method for realizing MLD is by a brute-force exhaustive search.
The brute-force approach to MLD of a binary linear block code requires the compu-
tation of 2* conditional probabilities where k is the dimension of the code. The time
required for this method rapidly becomes too large to implement a decoder as k in-
creases and more effective methods are therefore needed.

Several researchers have presented techniques for decoding linear block codes. One
common approach is by converting the decoding problem into a graph-oriented prob-
lem on a trellis diagram which is derived from the code. The best-known and most
commonly used MLD algorithm is the Viterbi algorithm [14,34,39,52]. In the context
of MLD, a trellis diagram is considered as a weighted and directed graph. The Viterbi
algorithm is based on Dijkstra’s algorithm which finds a minimum cost path from the
start node to every other node of a weighted and directed graph. The Viterbi algorithm
is a simple and efficient method for implementing MLD. This algorithm is especially
good for convolutional codes [52], since the complexity of the Viterbi algorithm is
proportional to the size of the trellis, and convolutional codes usually have a small and
simple trellis diagram. However, the Viterbi algorithm is not appropriate for block
codes with long length and large dimension because block codes have large, compli-

cated and time-varying trellis diagrams in general. Therefore other efficient algorithms
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CHAPTER 1. INTRODUCTION

are strongly needed.

Many efforts have been devoted to finding an efficient algorithm for MLD of linear
block codes; a detailed bibliography of classical contributions in this area can be found
in [6]. Recently, Han et al. proposed an algorithm which is now known as an A*
algorithm [19]. The A* algorithm first re-orders received symbols according to their
confidence values and then performs a tree search similar to the sequential decoding.
The search is guided by a cost function which defines the present cost and estimated
future contributions for each node of the search tree. Using the cost function, the
algorithm tries to find the most likely codeword (or best leaf node) in an adaptive
manner. This algorithm allows MLD to work on long block codes efliciently for high
SNR’s. In some bad cases which typically occur in low to medium SNR’s, however,
this algorithm requires both numerous computations and very large memory.

There are efforts to reduce the overall complexity of the trellis decoding by taking
advantage of the decomposable structure of certain codes [6, 15,31,37]. Lafourcade
and Vardy tried to reduce the computational complexity of the Viterbi algorithm by us-
ing the optimally sectionalized trellis diagram instead of the naive trellis [32]. It surely
reduces the complexity, but the improvement is not so much and the trellis complexity
still grows exponentially with the dimension of any sequence of good codes.

Fujiwara et al. noticed that if the trellis is “divided” into small sections, then each
section contains many duplicated structures. By making use of this structural property
of the trellis, they proposed an efficient algorithm which they call the recursive MLLD
algorithm [18]. Kaji et al. brought the strategy of a call-by-need computation (lazy
evaluation) into the recursive MLD algorithm, and showed that the complexity can be

extremely reduced [29].

1.3 Sub-optimum decoding

There are many sub-optimum decoding algorithm nowadays. The generalized min-
imum distance (GMD) decoding proposed by Forney [13] is one of the oldest sub-

optimum decodings. The GMD decoding uses an algebraic decoder to produce a list
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CHAPTER 1. INTRODUCTION

of likely codewords. For each codeword in the list, a test is then performed, with re-
spect to a sufficient condition for optimality. The best codeword which passed the test
is chosen as the decoded codeword.

Following an idea similar to the GMD decoding, Chase provided an algorithm which
testifies a fixed number of error patterns, where the error patterns are generated sys-
tematically according to the reliability of received symbols [2]. A naive approach to
generating the error patterns is to fix symbol positions, usually least reliable ones, and
consider all error patterns which involve errors only in the fixed positions. For this
algorithm, the maximum number of considered codewords and the error performance
depend on the number of fixed positions. Chase’s algorithm has then been modified
so that the error patterns cover symbol positions which have less reliabilities than a
predetermined threshold [49]. One drawback of this modification is that the maximum
number of computations depends on both the choice of a threshold and the signal-to-
noise ratio. It is unavoidable for sub-optimum decoding algorithms to have degrada-
tion in performance. In the case of the GMD and Chase algorithms, the performance
degradation is not so much if the code has small rate. However, the degradation to
MLD increases as the code rate increases.

Recently, a more improved algorithm based on the same idea has been proposed
[30]. The algorithm tries to search good codewords iteratively. There is no limitation
on the search space at the beginning of the algorithm, but at each iteration, a sufficient
condition for optimality to terminate the algorithm is tested. After each test, the search
space is reduced, and the iteration continues until the search space converges to a
unique solution. The algorithm is also equipped with a termination criterion, which
works effectively to reduce the computational complexity for short codes. However,
the complexity of this algorithm still increases exponentially to the dimension of the
code.

Another well-known technique is to perform syndrome decoding on the received
sequence, and then use the syndrome information to modify and improve the original

hard-decision decoding. In this approach, there is a room to consider a good strategy
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for the search of the most likely codeword. In the original study [44], a simple strategy
which makes use of the order of symbol reliabilities is considered. Different search
schemes based on binary trees and graphs are presented in [35]. For an [n, k] code, the
methods presented in [35,44] both require that n — k should be relatively small because
the search is carried out over most of the column patterns of the parity check matrix
of the code. For very high rate codes, it is possible to reduce the search space of [44]
as shown in [43]. Roughly speaking, it is shown in [43] that we can predetermine
a necessary and sufficient list of error patterns, based on the parity check matrix of
the code and a partial ordering of the reliability measures. However, the technique
becomes rapidly impractical whenever n — k exceeds 8. Also we cannot induce enough
number of general and effective conditions for error patterns to survive [16,42].

There are studies which make an MLD algorithm a sub-optimum one. For example,
a sub-optimum version of the A* algorithm has been devised where the maximum
number of codeword candidates is limited by a threshold [16, 20].

Among many sub-optimum decoding algorithms, the author is interested in the soft-
decision decoding algorithm based on ordered statistics of the communication channel
by Fossorier and Lin [16] because the algorithm achieves near optimum error perfor-
mance with considerably small decoding complexity. Different from the Viterbi algo-
rithm, the Fossorier’s algorithm does not use trellis diagram of the code. In addition,
the worst case complexity of the Fossorier’s algorithm can be exactly evaluated while
it is hard to evaluate the worst case complexity for other sub-optimum algorithms. The
Fossorier’s algorithm is simple and consists of the following three steps:(1) choose k&
symbol positions so that the chosen symbol positions constitute information symbol
positions in a codeword, and the reliability of symbols at the corresponding positions
in the received sequence is as large as possible, (2) make a binary vector of length %,
say a, as the hard-decision of the received symbols which correspond to the chosen
k positions, and finally (3) encode a and obtain a codeword, which is the estimation
of the transmitted codeword. Fossorier refers to this algorithm as the O-th order re-

processing algorithm. If the vector a does not involve an error, then the O-th order
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reprocessing algorithm can estimate the correct transmitted codeword. However, if a
involves errors, the result is not correct. To avoid this issue, Fossorier also investi-
gated higher-order reprocessing algorithms. In the /-th order reprocessing algorithm,
we examine every vector which has length £ and whose Hamming distance from a is
[ or less. Thus YL, (1:) encoding operations are executed in the /-th order reprocessing
algorithm in general. Fossorier and Lin have also proposed a condition to reduce the
number of the computations (Theorem 4 in [16], which also improves the extended
distance test introduced in [48]), though the computation of the /-th order reprocessing

increases as the dimension k and the level [ increase.

1.4 Outline of the thesis

In chapter 2 of this thesis, we consider a new algorithm for sub-optimum decod-
ing [23,28]. The algorithm takes an approach similar to Fossorier’s O-th order repro-
cessing algorithm. Instead of choosing k symbol positions, the proposed algorithm
chooses ¢ symbol positions with 7 < k. The received symbols at the chosen positions
are quantized and ¢ symbols in a codeword is decided. The estimation of the remaining
part of the codeword is performed by an MLD algorithm because the remaining part
can be regarded as a codeword in an punctured [n — t,k — t] linear code. The error
performance and the complexity are evaluated analytically as in the case of Fossorier’s
method. By computer simulation, we show that our extended Fossorier’s algorithm has
almost the same performance and complexity as the 2-nd order reprocessing. One of
the aims of our approach is to provide much flexibility for Fossorier’s algorithm. We
show that the parameter ¢ considered in the algorithm is more flexible than the Fos-
sorier’s parameter / in practice. In addition, since any MLD technique can be applied
to our algorithm, if an efficient MLD algorithm is constructed, then the complexity of
the proposed algorithm will be further improved.

In chapter 3, we propose a novel and quite different algorithm for MLD [25,26]. The
essential idea is that MLD is equivalent to solving a certain integer program with binary

variables. This idea itself is not very new. Many coding theorists have noticed the
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relation between MLD and integer programming. However, solving an integer program
is another very difficult problem in general. The aim of chapter 3 is to reduce MLD into
a class of integer programs for which an effective algorithm has been devised. In [5],
Conti and Traverso have developed a method of solving an integer program based on
a Grobner basis. The Conti’s method consists of three major steps. The first step
is to translate a given minimization (or maximization) problem of a target function
into a minimization problem of a linear function with nonnegative coefficients. The
constraint equations which the solution must satisfy are also modified in this step. The
second step is to compute a Grobner basis for an ideal of a polynomial ring which
is defined from the constraint equations, and the final step is to compute the solution
which minimizes the target function using the Grobner basis.

We have extended the Conti’s method for integer programs with modulo arithmetics,
which is necessary to achieve MLD for binary linear block codes. Our key idea is the
following two points: introduction of some binomials for modulo arithmetics in addi-
tion to generators of the Conti’s proposed ideal, and consideration for an operation of
matrices, also known as the Lawrence lifting, for non-positive target functions. Since
the integer programs with binary modulo arithmetic include MLD for binary linear
block codes on some channels (including the binary symmetric channel and the addi-
tive white Gaussian channel (AWGN)), we can obtain a new MLD algorithm which
uses our extended Conti’s algorithm.

The contribution of this study is that this is the first work which points out the re-
lation between MLD and Gr&bner bases. For arbitrary linear codes, the bounded dis-
tance decoding algorithm based on Grdbner bases is known [9, 12]. However, to the
best of the author’s knowledge, the idea of utilizing Grébner bases in MLD is new.
The decoding complexity of our proposed method is larger than other known MLD al-
gorithm if we consider the AWGN channel. This is mainly because the computation of
Grdobner bases consumes much time and space. If we can find an efficient algorithm for
computing Grobner bases, then the complexity of our method will be improved. Fortu-

nately, for the binary symmetric channel, we can consider a different transformation of
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MLD to integer programs. In this transformation, we can exclude the computation of
Grdbner bases as a pre-computation. Hence each decoding operation is more efficient
than the above AWGN case. Since the size of Grobner bases grows exponentially with
the length and dimension of the code, reducing the space complexity is an important
work in future. We find an interesting class of codes which can be decoded with our
algorithm based on Grobner bases with less complexity [38].

In chapter 4, we introduce another construction of ideals appeared in the Conti-like
MLD to reduce the complexity of the decoder [27]. As we mentioned, the Conti-like
MLD algorithm which is discussed in chapter 3 needs to compute Grobner bases of an
ideal. We can compute Grobner bases by Buchberger algorithm [1,7]. However, un-
fortunately, the complexity of Buchberger algorithm is a strongly increasing function
of the number of variables and the number of generators of ideals. Hence it would be
useful to reduce the numbers for computing Grobner bases. The main result of chapter
4 is to reduce both the number of the variables and generators of the ideal which is
needed in the Conti-like MLD algorithm.

In chapter 5, we provide concluding remarks.



2. The ordered-statistics and the MLD techniques

2.1 Summary of this chapter

Fossorier and Lin developed a soft-decision decoding algorithm based on the ordered-
statistics (OS) [16]. Their algorithm consists of two steps; hard-decision decoding and
reprocessing. The hard-decision decoding is based on the ordered reliability values of
the received symbols. Assume that an [n, k] binary linear block code C is used over a
memoryless channel. In the hard-decision decoding step, we first choose k£ symbols in
the received sequence so that the symbols are as reliable as possible and the symbol
positions can constitute information symbol positions of the code C. If the k quantized
value do not involve errors, then the constructed codeword is the correct estimation of
the transmitted codeword. However, if the quantized values involve errors, then the
result of the decoding is not correct. To avoid this issue, the algorithm has the second
step called reprocessing. There are 2% = Zf:o (lf) patterns of information symbols. For
a given parameter / called order, at most Y, (f) patterns are tested in the /-th order
reprocessing process.

In [16], it is shown that the performance of the order-2 reprocessing is near the
optimum MLD for some codes, including Reed-Muller (RM) codes. In this thesis, we
will propose a sub-optimum MLD algorithm based on order-O Fossorier’s algorithm
for arbitrary binary linear block codes. Our best simulation results (see figure 2.1
on page 16 and table 2.1 on 18) have been achieved for RM codes in practice. The
simulation results show that the performance of the proposed decoding is near one of
order-2 Fossorier’s decoding, or one of MLD for low SNR’s, while the complexity of
the worst case of the proposed algorithm is smaller than one of order-2 Fossorier’s

decoding.
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2.2 Notation

Suppose an [n, k, d] binary linear block code C with a generator matrix G is used
for error control over the additive white Gaussian noise (AWGN) channel with binary
phase shift keying (BPSK) signaling. Also suppose each codeword is equally trans-
mitted. Let ¢ = (¢y,...,c,) € C be a codeword. For BPSK transmission, the codeword
¢ is mapped into the bipolar sequence z = (zy,...,2,) € {—1, 1}* where z; = 2¢; — 1 for
i = 1....,n. After transmission, the received sequence at the output of the sampler in
the demodulator is r = (rq,...,r,) € R* with r; = z; + ¢; fori = 1,...,n, where ¢;’s
are statistically independent Gaussian random variables with zero mean and a fixed
variance. See also [41] for details about the AWGN channel with BPSK signaling. We

denote by a o b the concatenation of two vectors a and b.

2.3 The decoding algorithm based on ordered-statistics

Fossorier’s Ordered statistics decoding (OSD) is a probabilistic information set de-
coding method. The original algorithm can be found in [16, 17]. The OSD method is
a reduced-complexity soft decision decoding method for arbitrary binary linear block
codes. For RM codes of lengths up to 64 bits, it is shown that the OSD achieve near
optimum decoding by the computer simulation.

Their decoding algorithm consists of two major steps: the hard-decision step and
the reprocessing step. In the hard-decision step, the decoding begins with reordering
the components of the received sequence r by its absolute values. By this procedure,
the decoder finds k information positions which is estimated by the hard-decision. If
the hard-decision decoding has no error, then the decoder can obtain the transmitted
word to encode the k symbols. Otherwise, the decoder needs to estimate the received
sequence again for correcting errors. Fossorier’s decoding has a threshold parameter
[ named order to design the performance and the complexity of the latter estimation.
The performance and the complexity of the estimation are in a trade off relation. In the

second step, which is called the /-th order reprocessing step, the decoder tests at most

10
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521 (f) patterns of codewords for finding the most likely codeword in the patterns.

Fossorier and Lin have presented not only the decoding algorithm but also a theo-
retical evaluation of the algorithm. Both the performance and the complexity of OSD
algorithm can be evaluated using the ordered statistics on the noise of the communica-

tion channel.

2.4 Proposed decoding algorithm
2.4.1 Overview of the algorithm

The overview of the proposed decoding algorithm is briefly introduced in this sec-
tion. The details will be discussed in the following subsections. Our proposed algo-
rithm consists of two major steps: (1) the reordering step and (2) the MLD step. Let
t be a non-negative integer which is equal to or less than k. In the reordering step, ¢
most reliable independent symbols are chosen from the received sequence, as in the
ordered-statistic approach in [16]. The chosen symbols are quantized to binary values
0 or 1, and the binary symbols are regarded as the “correct symbols in the transmitted
codeword”. Remark that the set of codewords which have the chosen symbols at the
chosen positions is a coset of linear punctured subcode of the original code C. Hence,
in the MLD step, we can apply the soft-decision MLD algorithm over the set of the
possible codewords to estimate the remaining symbols in the transmitted codeword.
The details of each step, including the discussion of the error probability, are presented

in the following.

2.4.2 Reordering step

Let G = (g;,...,8,) be a generator matrix of the code C where g; with 1 <i < n
is the column vector of G, and let r = (ry,...,r,) be the received sequence. In this
reordering step, f integers a4, . .., @, are chosen so that

e column vectors g,,, . .., 8, are linearly independent, and

11
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e |r,| with 1 <i <tis as large as possible.

The computation of 4, ..., @, is easily possible by using G and r. (see section 2.6 and
[16] for the detail). The symbols r,,, ..., Iy, are called the t most reliable independent
(MRI) symbols of r. Define a matrix G" as G’ = (8y,,...,8q,,G") where G~ is the
matrix obtained by deleting column vectors g, . . . , 8, from G. To make the following
discussion easier, we perform elementary operations on row vectors of G’, and consider

that G’ is of the form

1, =

G = 2.1)

Oy G

where 1, is the ¢ X ¢ identity matrix, O;_,, is the (k — ) X ¢ zero matrix and G is a
(k —t) X (n — t) matrix. Let C’ be the code which is generated by G’, and let r’ =
(r},...,r;) be the sequence which is obtained by reordering symbols in r as the same

corresponding order as G’. Define

0 ifrl <0,
u; =
1 otherwise.
for 1 <i <t Thatis, uy,...,u, are the hard-decision values of the first # MRI symbols.

Let C, be the set of vectors such that C, = {v : wov € C’}, that is, C, is the set of
vectors which are “connectible” to u = (uy,...,u,). In the following MLD step, we
perform the MLD of C, to find the most likely codeword, say v,,, in Cy. Since the
communication channel is memoryless, u o v,, is the most likely codeword among all
codewords whose first # symbols are uy,...,u,. Thus, if u = (uy,...,u,) involves no
error, then u o v, is the most likely codeword in C’.

In the rest of this section, we evaluate the probability that the vector u involves an
error. This probability, denoted Py in the following, affects the total error performance
of the proposed algorithm. The precise analysis of Py is complicated and beyond the
scope of this paper, but it is possible in a similar way to the analysis in [16, Equation
61].

n—t t+j—-1
Py < Y P () Pelt+j—izm) (2.2)
=0 i=0

12
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where, for 1 < i < n, Pe(i; n) is the probability that the hard-decision of 7/ is different
from the transmitted symbol (i.e. involves an error), and P;; is the probability that the
(reordered) received sequence r’ contains i symbols satisfying [r’| > |r{| and j > 1.
The probability (2.2) will be used to evaluate the error performance of the proposed

algorithm.

2.4.3 MLD step

In the MLD step, the algorithm compute the most likely codeword in C, for the

. . .,
remaining part of the received sequence ¥ = (r/,, .

..,1,). In general, any MLD algo-
rithm for linear codes cannot be applied to C, directly for estimation of ¥’ since Cy is
not linear, but the following lemma leads that we can use an MLD algorithm for the

estimation.

Lemma 2.1. Let C be the code which is generated by G, which is appeared in the
equation 2.1, and lety = (y;, . ..,y,) be the vector of length n — t such that

uoy = (uo )G,
where 0,_, is the zero vector whose length is k —t. Then Cy =y + C.

Proof. From the definition of the MRI symbols and G’, we have |C,| = 2", Since we
have also |y + C‘I = 2" in order to prove the lemma, we need to see that if v € Cy,
thenv -y € C. Let A be a1 x (n — t) matrix such that

1, A

~

Ok—t,t G

G = (2.1)

Then we have y = uA from the definition of y. On the other hand, since v € Cy, v must
be written as

v =uA + wG

where w is a binary vector whose length is k — 1. |

13
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Lemma 2.1 shows that the MLD of Cy is possible by using an ML decoder of C. Let
¥ =(,,,...,F) where
-r; ify; =1
ri  otherwise

and let v,, be the most likely codeword in C for the sequence ¥. It is clear that the most
likely codeword in C,, for the sequence I is gained as v,, =y + V,,,.

If the vector u involves no error, then u o v,, is the most likely codeword in C’.
In this case, the probability that the MLD on C is erroneous equals the probability
that this codeword is different from the transmitted codeword. By applying the union

bound [41], the former probability Py is bounded as
Ps < (2" = 1)/2)exp(—o(k — 1)(d — 1)/(2n)), (2.3)

where o is a constant which is determined by the variance of the noise of the AWGN
channel (see also [41, p.407, Equation(5.2.67)]). This probability (2.3) will be recalled

to evaluate the error performance of our proposed algorithm.

2.4.4 Proposed algorithm revised

We can summarize the previous discussion in the following decoding algorithm (Al-

gorithm 2.1).

2.5 Evaluation of the algorithm

The error performance and the complexity of our proposed algorithm are evaluated

in this section.

2.5.1 Error performance

First, we evaluate the error performance of our proposed decoding algorithm. Let

P be the probability of the decoding error of the proposed algorithm. The algorithm

14
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Algorithm 2.1 Proposed decoding algorithm using the ordered-statistics and the MLD

technique
Input: The received sequence r, a generator matrix G and a threshold parameter z.

Output: An estimated codeword.

1: Find the most reliable symbols of r.

2: Reorder r and constitute the sequence r’. Also reorder the column vectors of G,
perform elementary row operations and constitute the generator matrix G’ of the
form in the equation (2.1).

3: Make the hard-decision of the first # symbols of r’, and obtain the vector u.

4. Determine the vector y satisfyinguoy = (uy,...,u4;,0,...,0)G".

5: Compute ¥’ from r’ and y.

6: Compute the most likely codeword v,, € C, for r’ using the ML decoder of C.

7. Reorder symbols in uoyv,, to obtain the codeword of the original code C and output

the reordered vector.

makes a decoding error if the hard-decision involves errors, or the MLD procedure

makes a decoding error though the hard-decision involves no error. Therefore we have
PSPH+(1_PH)PS,

where Py and Ps are probability which is given in the equations (2.2) and (2.3). How-
ever, unfortunately, this inequality is too complex to compute and the bound is rather
quite loose. Hence we evaluate the error performance by computer simulations in this
thesis.

The figure 2.1 shows that the performance of the proposed algorithm depends on the
choice of the threshold parameter z. We can see from the figure that the proposed algo-
rithm with # = 20 or 30 achieves almost the same error performance as the Fossorier’s
algorithm. Actually, when the SNR is 1.0dB, the word error rate of order-2 Fossorier’s
algorithm is 107942 while that of the proposed algorithm is 107%#! for ¢ = 30, and
10790 for ¢ = 20.

15
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Figure 2.1 Performance of correcting errors for RM [64, 42] code
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2.5.2 Complexity

Next, we discuss the complexity of the proposed algorithm. We use the number
of additions and comparisons of the reliability information or entries of the received
sequence as the measure of the complexity. For the first reordering step, we need
at most nlog, n operations to choose the MRI symbols. To obtain the hard-decision
of t MRI symbols, we need ¢ comparisons of reliability information. Therefore the

complexity of the proposed algorithm is upper-bounded by
n10g2 n+t+ TMLD,

where T\ p is the complexity necessary in the MLD step. Note that 7y p depends on
the algorithm to be used for the subcode C. In the following discussion, we consider
to apply the MLD algorithm presented in [29].

By using computer simulation, we evaluated the average of the actual number of
operations consumed in the proposed algorithm. Figure 2.2 shows the average number
of operations necessary for decoding the [64, 42] RM code. The complexity decreases
as the SNR increases because Ty p decreases as the SNR increases.

To compare the proposed algorithm to Fossorier’s algorithm, we also discuss the
complexity in the worst case. As we saw in the previous section, the proposed algo-
rithm achieves almost the same performance as order-2 Fossorier’s algorithm, if we
take + = 20 or 30. Table 2.1 shows the computer simulation results. In the worst
case, the complexity of the proposed algorithm with ¢ = 30 is slightly bigger than that
of Fossorier’s algorithm, while the error performance of the proposed algorithm with

t = 30 is better than that of Fossorier’s algorithm.

2.6 Implementation issue

For the implementation of the proposed algorithm, we need to calculate the + MRI
symbols r,,, ..., I, of the received sequence r = (ry,...,7,), as we have seen in sec-

tion 2.4.2. We can find the + MRI symbols using the elementary row operations of
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Figure 2.2 Average number of operations of the proposed algorithm for RM [64, 42]
code with Kaji’s MLD algorithm

Table 2.1 Complexity of the worst case for RM [64, 42] code on SNR=1.0dB

=20 19,665
combining Kaji et al. ’s [29] and OS ~ 30 39,033
Fossorier and Lin [16] 2nd order | 20,208
Viterbi [16] 544,640
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a generator matrix and the permutation of symbols. In this section, we introduce the
method of finding MRI symbols in [16].

First,let 4 : {1,...,n} — {1,...,n} be a permutation map such that

[ran] = [ragyl = -+ = |ragl-

Then we permute the columns of the generator matrix G based on A. This results in the

following matrix:

Ga = (8a1ys - - - » Bamy)

Then starting from the most left column g,y of G,, we can find ¢ independent
columns to apply the elemental transform of rows of G, (or Gaussian elimination) with
the largest associated reliability values |ry;| fori = 1,...,n. Therefore we can find the
positions of ¢ independent columns «, ..., a;. The process of elemental transform is

also useful to obtain the matrix

I, =

G = -
Ok—z,z G

2.7 Conclusion of this chapter

In this chapter, we have considered a sub-optimum decoding algorithm. The algo-
rithm uses the techniques of ordered-statistics decoding of Fossorier et al. to determine
t information symbols where ¢ is a parameter, and an MLD algorithm to determine the
remaining symbols. The error performance and the decoding complexity can be con-
trolled by choosing ¢. If we choose ¢ smaller, then the error performance makes smaller,
but the decoding complexity increases. Further, if we choose ¢ so that the error perfor-
mance of the proposed algorithm is almost the same as that of Fossorier’s algorithm,
then the decoding complexity of the proposed algorithm also becomes almost the same
as that of Fossorier’s algorithm.

Unfortunately, the error performance of the proposed algorithm, with the similar

complexity of Fossorier’s decoding, is little bit inferior to that of the order-2 Fossorier’s
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decoding. However, if an MLD algorithm whose complexity is less than Kaji’s decod-
ing [29] may appear, then the performance and complexity of our decoding should be

improved to apply their MLD technique.

20



3. Decoding, integer programming and Grobner bases

3.1 Summary of this chapter

The soft-decision maximum likelihood decoding can be considered as an integer
program with binary arithmetics [34]. For binary linear block codes, the soft-decision
maximum likelihood decoding is to find a codeword which maximizes inner products
with the received sequence. It is equivalent to an integer programming which maxi-
mizes the inner products with the received sequence and a binary vector subject to the
parity check equations with binary arithmetics.

In 1991, Conti and Traverso constructed an algorithm to solve integer programming
using Grobner bases of the toric ideal in polynomial rings over fields [5]. Their al-
gorithm is interesting from a viewpoint in the theory of Grobner bases and produces
fruitful algebraic results [45].

In this chapter, we extend Conti’s algorithm for integer programming with modulo
arithmetic, especially with binary arithmetics for the soft-decision decoding [22, 24—
26].

However, the proposed algorithm based on Grébner bases is not efficient since the
step to calculate Grobner bases is computationally hard. There are several algorithms
to calculate Grobner bases, for example, Buchberger algorithm and improved Buch-
berger algorithms. In addition, since ideals in our algorithm has some algebraic prop-
erties such as binomial, zero-dimensional and radical, another algorithm to calculate
Grobner bases can be applied.

The aim of the Grébner bases approach to the decoding is to find a class of codes
which can be decoded efficiently. We consider a class of binary linear block codes of
which parity check matrix equals the vertex-edge incident matrix of a finite graph. We
explicitly show Grébner bases in our proposed decoding algorithm for the class [38].
Therefore we can obtain Grébner bases for the class of codes without using a time-

consuming algorithm.
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3.2 Preliminaries
3.2.1 MLD as integer programming

An integer program is a problem to find a nonnegative integral vector that minimizes
(or maximizes) a linear target function subject to linear constraint equations with inte-
gral coeflicients on the vector. Let Z and R be the set of integers and reals. For an mxn

integral matrix A € Z"™", an integral column vector b € Z™ of length m, and a real row

n

vector w € R", we write IP,4 w(b) for the integer program to find u € Z

o that minimizes
the inner product w-u € R subject to the linear constraint equations Au = b, where Z
denotes the set of nonnegative integers. A solution u € Z7; which satisfies Au = b is
called optimal if w minimizes w - u in every solutions. Similarly, for an integer g > 2,
we write IP, y 4(b) for the integer program to find u € Z that minimizes w - u subject
toAu = b mod ¢, where in this case A € Z;”X",b € Z;” forZ, =10,1,...,q—1} C Zs,.
Define the optimal solution for IP, y ,(b) in the same way. Conti-Traverso algorithm,
which we will see later, solves integer programs represented as [P, w(b). In this the-
sis, we will propose an extended Conti-Traverso algorithm to solve integer programs
represented as 1P, y 4(b).

The MLD for binary linear block codes can be regarded as an integer program
IP4 w2(b) as follows. Let C be a binary linear block code of length n and hence there
exists a parity check matrix H of C with C = {u € {0,1}" : Hu = 0 mod 2}. A
sender chooses a codeword u € C uniformly and transmits u over a noisy memoryless
channel. The vector r observed at the receiver’s end is possibly different from u due to
the noise on the channel. The maximum likelihood decoding (MLD) is to estimate the
most-likely codeword u from r. There are two different types of MLD: a hard-decision
and a soft-decision. In the hard-decision MLD, the received vector r is quantized as
a binary vector. The hard-decision MLD on the binary symmetric channel is to find
an error vector e = (eq,...,e,) € {0, 1}" that has the smallest Hamming weight among
all vectors in {0, 1}" satisfying He = Hr mod 2, where the Hamming weight of e is
definedtobe [{i : ¢; # 0,i = 1,...,n}| = e; +--- + ¢,. Note that the Hamming weight

of e equals the inner product 1 - e, where 1 = (1,...,1). Therefore the hard-decision
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MLD is equivalent to solve the integer program 1P 1 ,(HT).

On the other hand, with appropriate transformation (see section 3.4.2), the soft-
decision MLD can be regarded as a problem to find a binary vector u € {0, 1}" that
maximizes r - u subject to Hu = 0 mod 2. Since to maximize r - u is equivalent to
minimize —r - u, the soft-decision MLD is to solve IPy_.,(0). In the soft-decision
MLD, —r may contain negative components. In the following discussion (in section

3.3 and 3.4.2), we will need a little attention for this issue.

3.2.2 Notation

Conti-Traverso algorithm uses the theory of Grébner bases, hence we briefly review
some notations in this section. Also refer to [1,7, 8] for more detail.

Let F be a field and F[X;, ..., X,,] be the collection of all polynomials in m variables
Xi,..., X, with coeflicients in F. For fi,..., f; € F[Xy,...,X,,], let{fi,..., f;) be the

collection

Bisers Y = ifi s hi € FIXisoo X 1),
i=1

Note that (fi, ..., f;) forms an ideal in F[X|,..., X,,] and is called the ideal generated
by fi,..., fs. On the other hand, for an ideal /, if there exists fi,..., f; € F[Xi, ..., X,]
such that I = (fi, ..., f;) then we say that {f,..., f;} is a basis of I. Note that every
ideal of F[Xj,...,X,] has a finite basis.

A monomial in F[Xy,...,X,] is a product X" --- X;* with v; € Zyo for 1 < i

IA

m. To abbreviate, we will sometimes write the above monomial as XV, where v

(v1,...,Vvy) 1s the vector of exponents in the monomial. A binomial in F[X;, ..., X,]
is a subtraction of two different monomials and written as X" — X" withu, v € Z’;’O and
u # v. Anideal in F[Xy,...,X,] is called a binomial ideal if it is generated by only
binomials. We will consider only binomial ideals through this part of thesis.

A monomial order < on F[X;,...,X,] is a total order on the set of monomials in
F[Xi,...,X,] that satisfies following conditions: (i) if X" < X", then X"*¥ < X"2*¥

for all u;,m,,v € Z" ;

o> (i1) X'=1<Xforallve Z%,. For a monomial order < and
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a nonzero polynomial f =}, ¢,X" € F[Xy,...,X,,] with ¢y € F for any v € Z)), the
leading term of f with respect to < is the term ¢, X" with v the largest in {X" : ¢y # 0}
with respect to <. The leading term of f is denoted by LT (f).

For an ideal I C F[Xy,...,X,], we denote by LT.(/) the set of leading terms of ele-
ments of 7 and by (LT.(/)) the ideal generated by the elements of LT.(/). A nonempty
finite subset G = {g1,...,&} C F[Xy,...,X,,] is said to be a Grobner basis of an ideal

I with respect to < if and only if

<LT<(81)’ cen ’LT<(gt)> = (LT<(])).

IfG = {g1,...,g} is a Grobner basis of I, then G generates I. In particular, each
gi with 1 < i < t belongs to the ideal /. Conversely, for a monomial order <, every
nonempty ideal in F[X1, ..., X,,] has a Grobner basis with respect to <. By a monomial
order < and a Grdbner basis G with respect to <, the remainder of a polynomial f €
F[Xi,...,X,] divided by every elements of G with respect to < is uniquely determined
according to the division algorithm in F[X;,..., X,,]. The unique remainder of f is
called the normal form of f by G and denoted by # For f,h € F[X;,...,X,], it
follows that 7§ = Eg if and only if f — h € I. Especially, 7’9 = 0if and only if f € I.
We write f =h mod Iif?g = Eg.

3.2.3 Conti-Traverso algorithm

In [5], Conti and Traverso have proposed an algorithm to solve 1P, (b). Their
algorithm first defines an ideal I, a monomial order <y, and a monomial Jp for the
given input A, w and b. The definition I,, <,, will be introduced in section 4.4.1 for
discussion more technical terms. On the other hand, the definition of f;, is beyond the
scope of this thesis and omitted here. The algorithm then computes Grobner basis G4 w
of I, with respect to <y, and computes the normal form ]TbgA'w. The normal form turns
out to be a monomial and its exponent shows an optimal solution of IP4 yw(b).

In the Conti-Traverso algorithm, the computation of G4 consumes much complex-

ity. Grobner basis G4 w depends only on A and w, and independent from b. Thus if
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Algorithm 3.1 Conti-Traverso algorithm
Input: A€ Z2™" beZ" weR"

Output: An optimal solution of IP4 w(b).
1: Compute a Grobner basis G4 w of I, with respect to <y.
2: Compute the normal form of the monomial f;, by G w With respect to <.

3: Return the exponent vector of the normal form.

we solve 1P, w(b) for a given A, w and b, then we can solve IP, ,(b’) for a different
vector b’ much more efficiently than the first time. At this point readers should recall
the hard-decision MLD discussed in the previous section. The hard-decision MLD is
equivalent to solve 1Py »(Hr"), where H and w do not change for the received vector.
Therefore we can pre-compute Grobner basis before we actually receive a vector from
the channel, and we can use the same Grobner basis in the following communication,
which will make the hard-decision MLD much efficient; see section 3.4.1 for more in

detail.

3.3 Extension of Conti-Traverso algorithm

We extend Conti-Traverso algorithm so that it can solve IP, y ,(b). For this sake, we
need to extend some lemmata presented in [5, 8] to the modulo g arithmetics. There
are two key ideas for the extension: one is to add binomials X;’ — 1’s into the ideal in
Conti-Traverso algorithm, and another is to consider the Lawrence type matrix [45].
According to the former idea, Conti-Traverso algorithm is extended to solve an integer
programming with ¢ modulo arithmetics. On the other hand, the latter idea is used to

extend Conti-Traverso algorithm to work for the target vectors contain negative values.

n

*o» Where Ryq is the

To make discussion simpler, we first consider the case with w € R

set of non-negative real numbers. The case with arbitrary w € R” is discussed later.
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3.3.1 The case with w € R’;O

Let A = (a;;) be a full row rank m X n matrix and a;; € Z, fori = 1,...,m,j =
1,...,n. Let X denote m variables Xy, ..., X,,, and Y denote n variables Y;,...,Y,. In
the context of MLD, A is the parity check matrix of the code, n equals to the length of
the code and m equals to the number of parity check symbols. For a vector u € ZZ,
define O(u) = Au’ and @ : F[Y,...,Y,] - F[X|,...,X,], ©(Y") = X’ and, for any
f=3,aY € F[Y,....Y,], O(f) = f(O)),...,0(Y,)) = 3, ¢, X™. It follows
immediately from the definition that Au’ = b if and only if ®(Y") = XP. Under the
modulo ¢ arithmetics, we have the following lemma. Let J be a binomial ideal defined

byJZ(X?—l,...,X,Z,—1>CF[X1,...,Xm].
Lemma 3.1. Au' =b mod q if and only if ®(Y") = X» mod J.

Proof. Letb = (b,...,b,)" = Aw’ mod g with b € Z7 and hence b; = 3 a; ju;
= Xf”' mod X7 — 1. Since b; =

no
i=1 Qi jUj

mod ¢ for 1 < i < m. First we show that Xl.z'/

Z;Ll a;;u; mod g, there is a nonnegative integer p; with Z;le a;;u; = piq + b;. Hence

2y aijuj b; g +b; b;
Xijllj/—Xil:X;.qul—Xil

= X(XP4 - 1)
= XP(XPTH X DX - D,

Mt aiu; . Y aiju; . .
and we have X, = " = Xf" mod X7 —1. Now we have X, 7™ " = Xf’ mod J since

X! — 1 is one of the generators of J, and
m Z” m
L QiU .
O(Y") = | | XS = | | X” mod J. (3.4)
i=1 =1

To show the converse, assume that (3.4) holds. Since generators of J are relatively
prime, it follows that Xl.zf’:1 - X" mod X! — 1 for each i with 1 < i < m. If
Y1 aiu; # b mod g, then Xl.ijl A Xf" mod X! — 1. Hence Y}, a;ju; = b

mod ¢ for 1 <i < m and the lemma holds. O
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Let¢; = O(Y)) = [T, X;* for 1 < j < nand I, be a binomial ideal defined by

IA :<¢1 —Y],...,(bn—Yn,XiI—1,._',Xq _1>

m

CFIX,.... X, Y1,..., Y]

We say that a monomial order <, is an elimination monomial order if any monomial
containing at least one of X; with 1 < i < m is greater than any monomial containing
only Y;’s. Hereafter, we fix an elimination monomial order <, and let G be a Grébner
basis for the ideal I, with respect to <,. Let ¢y = X = []%, X", where b = Au’

mod ¢, and Jg be the normal form of ¥ by G with respect to <,.

Lemma 3.2. The normal form QZQ is a monomial containing only Yy, ..., Y, and @(QZQ) =
X" mod J.

For the proof of Lemma 3.2 we need the following Lemma 3.3 and Lemma 3.4.
Lemma 3.3. For f € F[Xy,...,X,] the following conditions are equivalent:
1. There exists h € F|$y,...,¢,] such thath = f mod J.
—G
2. [ €F[Y,,....,Y,]
. L —G
In particular, lffg e FiYh,....,Y, ) then f = f (¢1,...,¢,) mod J.

Proof. This lemma is an extension of Proposition 1.8(a, b) in Chapter 8 of [8]. 1
= 2: Leth € Fl¢y,...,¢,] such that h = f mod J. Since J C I, it follows that
h = f mod I, and ﬁg = ?g Therefore it suffices showing that ﬁg e FIY:,...,Y,].
To prove this, first note that in F[Xj,...,X,,Y),...,Y,], a monomial ¢" - - - ¢," with

(V15 - --»Va) € 22, can be written as follows:

Mg = (Y + (B = Y)Y+ (= V)
=Y Y+ Bi(¢ - Y)+ -+ By, — V)

for some By,...,B, € F[Xy,...,X,,,Y1,...,Y,]. Therefore we can write the polyno-
mial /4 as

h:C1(¢1_Y1)+"'+Cn(¢n_yn)+D
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with Cy,...,C, € F[X;,...,X,,Y1,...,Y,], and D € F[Y;,...,Y,]. It follows that
EQ = Bg since each Cj(¢; —Y;) € Iy for1 < j < n.
LetG' =GN F[Yy,....,Y,] =1{g1,...,g. By representing D with gy, ..., g and its

remainder, we can write D as follows:
D:Elg] +"'+Esgs+r

with Eq,...,E;, re F[Yy,...,Y,]. Consequently we have Eg =7,

Now we claim that r = 7‘9, in other words, any leading term of elements of G with
respect to <, cannot divide r. For a proof by contradiction, suppose that G contains a
binomial g such that LT (g) is a term which contains only Y;’s and LT (g) divides r.
This implies that the binomial g should be in F[Y1,...,Y,], because of the elimination
property of <, and the fact that LT, (g) is the greatest with respect to <,. Thus g € G’
but this is a contradiction because any element of G’ cannot divide r. Therefore we
have shownthat?g = Eg = Bg =¥ =re FlY,,....,Y,].

2= 1: Let]_‘g € FIYy,...,Y,Jand G = {gi, ..., g}. By representing f with genera-

tors in & and its remainder, we can write
—G
f=Zigi+-+Zg+f (3.5)

with Z,,...,Z, € F[Xy,..., X Y1,...,Y,]. To show variables in g; explicitly, we say
to write

gl'(Xla--',Xm’Yla---’Yﬂ)

for g;. For each 1 < j < n, substitute ¢; for Y; in the above formula (3.5). This
substitution does not affect the left hand side of (3.5) since f € F[Xy,..., X,,] does not

contain Y,’s. Therefore

F =281 K X Brse o)+ + 28Kt X bt )+ T

Remark that if we substitute ¢; for Y, then the generator ¢; — Y; in I, reduces to 0
mod I,. Hence if g € I, then g(Xy,...,X,,,d1,...,0,) € J because of the definitions
of J and I,. This implies that

gi(Xl,---,Xms¢1’---’¢n) E J7
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and for 1 < j < n,

Zj(Xl,...,an,¢1,...,¢”)'gj(Xl,...,Xn,¢1,...,¢”) =0 mod J

Consequently we have f = f(qﬁl, ...,¢,) mod J. It is obvious that j_‘g(gbl, e, €
F[¢17---7¢ﬂ]- O

Lemma3.4. Let f € Fl¢y,...,P,] beamonomialin X, ..., X,,. Then?g e FlY,,...,Y,]

is also a monomial.

Proof of Lemma 3.4. This lemma is an extension of Proposition 1.8(c) in Chapter 8
of [8]. Lemma 3.3 implies ?g € F[Y;,...,Y,]. Since G is a Grobner basis of the
binomial ideal /,, each polynomial in G is a binomial. Because the remainder of a

. . . .. =G .
monomial by a binomial is a monomial, f~ must be a monomial. O

Proof of Lemma 3.2. This lemma is an extension of Proposition 1.6 in Chapter 8 of [8].
Because the matrix A is of full rank, there is a solution of the equations Au’ = b
mod ¢. Therefore Lemma 3.1 implies that ¢y = X? = ©(Y") mod J. Note that O(Y")
is amonomial in O(Y;) = ¢; with1 < j <mnand ¢ € F[¢,...,d,]. Lemma 3.4 implies
that Jg is a monomial containing only Y;’s, and Lemma 3.3 implies ¥ = Jg(d)l e ®n)
mod J. Remark that

oG ... Y, =0

%@ b)) = =X" mod J.

O(Y)),...,0(Y,)

Corollary 3.5. If§° = Y/ --- Y\, thenu € Z! and A’ =b mod g.

Proof. For j=1,...,n, we have
Y- 1=YT (Y=g + Y0¥, =g+ + 07 (V- 9 + ¢ — 1

J J

qg-1
=¢l-1-(p;-Y) ) YT
i=0
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Remark that ¢ — 1 € J since ¢/ — 1 = ([, X;*/)? — 1. Therefore we have Y] —
1 € I, and ﬁg = 0. First we show that if Jg = Yi” ---Y,", then u; € Z, for
1 < j < n. For the proof by contradiction, assume that there is j with u; > q. Let
uj = pq +r where p,q,r € Zyo with r < gq. Define f = Y"--- V" = Y [],; ¥}".
Since f = (Y] = DY] [1;; ¥;" and Wg = 0, we have ?g = 0. On the other hand,
LT (f)=Y," - Y, = Jg since r < u;. Note that LT (f) = 'Zg is already a remainder
and cannot be divided by G with respect to <, and this contradicts to 7§ = 0. Then
we have u € ZZ. The rest of the assertion follows from Lemma 3.2 and 3.1. In fact,
Lemma 3.2 implies that G(Jg) = O ---Y,") = X" mod J, which implies Au’ = b
mod ¢ by Lemma 3.1. O

Corollary 3.5 suggests that we can find a solution to Au’ = b mod ¢ by computing
the remainder of ¥ by G. A different choice of an elimination order <, results in
different solution, while we would like to find an optimal solution u that minimizes
w - u. For this purpose, we need to choose the elimination order appropriately. The

following definition is an extension of Definition 1.10 in Chapter 8 of [8].

Definition 1. A monomial order <y on F[Xy,...,X,, Yi,...,Y,] is adapted to an

integer programming IP, y ,(b) if it has the following two properties:

e (Elimination) The monomial order <, is an elimination order.

e (Compatibility with w) For any w,v € Z7 with 0" = O0(YY) mod J , if

w-u<w-v,then Y" <, Y.

Let <,, be a monomial order adapted to 1P,y ,(b) and G be a Grobner basis of the

ideal I, with respect to <.

Theorem 3.6. The monomial Jg € FlYy,...,Y,] will give an optimal solution of
IP4 wq(b). In other words, lf@g =YYy ---Y," thenu = (u,...,u,) € Z;, minimizes
W - u subject to AW’ =b mod q.

This theorem leads an extended Conti-Traverso algorithm (Algorithm 3.2) to com-
pute an optimal solution of the integer programming IP, v ,(b) when w € RZ . For the

proof of this theorem, we need another lemma.

30



CHAPTER 3. DECODING, INTEGER PROGRAMMING AND GROBNER BASES

Algorithm 3.2 Extended Conti-Traverso algorithm
Input: A € 27", b € Z], w € RY, g € Zo with g > 2.

>0

Output: u € Z; which is an optimal solution of the integer programming IPy4 v 4(b).
1: Compute the Grobner basis G of I, with respect to a fixed adapted monomial order
<w-
2: Compute the normal form~ 'Zg

-G
3: Return the exponent of .

Lemma 3.7. If f € F[Yy,...,Y,]and O(f) =0 mod J then f € I4.

Proof. The proof is similar to the proof of 1 = 2 in Lemma 3.3. A monomial

Yyt Y, with (uy, . .., u,) € Zj) can be written as
Vil Y= @ g+ Bi(Yy = 1)+ e+ By — Y)
with By,...,B, € F[Xy,..., X, Y1,...,Y,]. Then f can be written as

J, . Y) = f(@1s. @) + Ci(@r = YD) + - + Gy = V)

with Cy,...,C, € F[Xy,...,X,, Y1,...,Y,]. From the assumption, we have

®(f):f(®(Yl)’7®(Yn)):f(¢laa¢n)50 mOdJa
and f € I,. mi
Proof of Theorem 3.6. Letu = (uy,...,u,) such that v,[_/g =Y/ ---Y,". Corollary 3.5
implies that u € Z;’. Assume that there is some v = (v,...,v,) € ZZ such that v # u,
Av'=b mod gandw-v < w-u. Define f = Y["---V,"=Y,"--- ¥,”, then from Lemma
3.2 we have
O(f) =0, - Y,") = O/ ---¥m")
=X"-X"=0 mod J.

Now by Lemma 3.7 it follows that f € I, and ?g = 0. On the other hand LT (f) must
be Y| --- Y," because <,y satisfies the compatibility with w, though, the term Y| - - - "

is already a remainder and cannot be divided by G with respect <. This contradiction

shows that u minimizes w - u subject to A’ = b mod g¢. O
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3.3.2 The case of an arbitrary w € R”

We cannot apply the discussion in the previous section if w = (wy, ..., w,) contains
a negative value, because we cannot define an adapted monomial order <y. In this
section, we consider to transform a given problem so that this issue does not occur.

For a given matrix A € Z;™", consider an enlarged matrix

A0
A = :

where 0 is the m X n-zero matrix and 1 is the n X n-identity matrix. The (m + n) X 2n-

matrix A’ is called the Lawrence Lifting of A [45]. Lete = (¢ —1,...,g—1) € Zy

whose components are all ¢ — 1 and set b” = (b,c) € ZZ””. Let u = max{lw;| :
w; < 0,i =1,...,n} U{0} € Ryp and set w; = (W + i,...,w, + ) € RY), wp =

sty ..., ) € RL and W = (Wi, W) € Ri’g). Next theorem shows that 1Py ,(b) is
equivalent to IP4 4 ,(b’). Remark that even if w in IP, ,, ,(b) contains negative values,
w’ in IP, w ,(b") contains only nonnegative values and the algorithm in the previous

section is applicable.

Theorem 3.8. Ler uj,u, € Zy. Ifu = (u,m) € Z;" is an optimal solution of

IP4r w (b)) then wy is an optimal solution of 1P 4 v 4(b).

Proof. If wis an optimal solution of IP, w 4(b’), then A'u =b" mod g, in other words,

3 R[] e

This linear constraint equations mean that Au} =b mod g andu; +u, =c¢ mod g.

Letu; = (uy,...,u,) and up = (441,...,U,). Then u; + u, = ¢ mod ¢g implies that
u; + up; = g—1 mod g fori=1,...,n Since each u; € Z, withi = 1,...,n, these
equations leads u; + u,,; = g — 1. Let w' = (W, wy) = (wy,...,wy,) € R, Then we
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have

2n n 2n
wu= Z will; = Z(W, +/J)Ml' + Z MU
i=1 i=1

i=n+1

Zﬂl will; + i#ui = Zﬂ: wil; + pn(q — 1)
i=1 i=1 i=1

=w-u; +un(g-1).

Since un(g — 1) is a constant independent from u, if u minimizes w’ - u, then u; mini-

mizes w - u;. O

3.4 MLD using Grobner bases

In this section, we will present an application of the extended Conti-Traverso al-
gorithm (Algorithm 3.2) in the previous section for decoding codes. We will show
that either hard-decision or soft-decision MLD for binary linear block codes can be
achieved by the proposed algorithm based on Grébner bases. Through the section let
H € Z5™" be a parity check matrix of the code C. Note that C = {¢ € Z : H¢' = 0
mod 2}.

3.4.1 Hard-decision MLD

In this section, we assume that the communication channel is the binary symmet-
ric channel. Let ¢ € C be the transmitted vector, € € Z/ the error vector and r =
(r1,...,ry,) = ¢+ & mod 2 be the received vector. The hard-decision MLD is equiv-
alent to the syndrome decoding [36]. In other words, the decoder algorithm chooses
the candidate error vector € = (ey, ..., e,) € Z; which minimizes the Hamming weight
{i:e; #0,i=1,...,n}| subject to He' = Hr' mod 2.

Letw = (1,1,...,1) whose components are all 1. Then the Hamming weight of
e equals the inner product w - e. Therefore the hard-decision MLD for binary linear

block codes is equivalent to 1Py »(b) with b = Hr',b € Z', and can be solved using

the extended Conti-Traverso algorithm (Algorithm 3.2).
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Let Q~ be a Grobner basis of the ideal /5 with respect to an monomial order <

adapted to IPg w2 (b).

Lemma 3.9. Ler G = G N F[Yy,...,Y,]. Then G is a Gribner basis of the ideal
Iy N FYy,...,Y,] with respect to <y, and the normal form of the monomial Y' =
Y'Y, by G’ with respect to <y is also a monomial.

In addition, let e be the exponents vector of the normal form. Then e is an optimal

solution of IPy w2 (b), in other words, ¥ —e mod 2 is the most likely codeword.

Proof of Lemma 3.9. The previous assertion is followed by the elimination theorem

[7]. The rest of the proof is similar to Theorem 3.6 and omitted. O

Note that the decoder can compute Grobner bases of Iy beforehand because Grobner

basis is independent of the received vector r.

Example 1. Suppose a code C = {(0,0,0),(1,1,1)} and a parity check matrix H =
(¢91). Then a Grébner basis G of the ideal Iy with respect to <, can be calculated
using the Buchberger algorithm. We have that G’ = G N F[Y,,...,Y,] is {V Y, —
Y3, Y1V3-Y2, Y,Y5 - Y, Y2 - 1,Y; - 1,Y7 - 1}. Letr = (1,0, 1) be the received vector.
The decoder can calculate the normal form of Y' = Y;Y; by the G’. We find that
mgl = Y, as expected, which suggests the error pattern (0, 1,0) and the most likely
codeword (1,1,1) =(1,0,1) = (0,1,0) mod 2.

Algorithm 3.3 Hard-decision MLD using Grobner bases
Input: r = c+ €& mod 2 and G =GN F[Y,...,Y,], where G is a Grobner basis of

I; with respect to an adapted monomial order.
Output: The most likely codeword u € C.
I: Set f =YY ---Y,". )
2: Compute the normal form ?g ]
3: Let e be the exponents vector of the monomial f

4: Returnu =r—e mod 2.
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3.4.2 Soft-decision MLD

In this section, we present another application of the extended Conti-Traverso algo-
rithm (Algorithm 3.2) for a soft-decision decoding. Suppose that the channel is ad-
ditive white Gaussian noise (AWGN) channel with binary phase-shift keying (BPSK)
signaling . In other words, if the codeword ¢ = (¢y,...,c,) € C is transmitted, the
modulator maps ¢ into a bipolar sequence represented by (/y,...,[,) € {-=1,1}" with
l; =2c¢;—1fori=1,...,n. The received sequence r = (ry,...,r,) € R" can be repre-
sented by r; = [; + z; for i = 1,...,n, where each z; is a statistically independent real
valued Gaussian random variable with O mean and a fixed variance.

For soft-decision MLD, the decoder finds the candidate codeword u which maxi-
mizes r-u subject to Hu' = 0 mod 2 (see [34]). In other words, the soft-decision MLLD
for binary linear block codes is equivalent to IP4 _,.»(0). By Theorem 3.8, the integer
programming IPy; _,»(0) is equivalent to IP,  »(b), where A € ZJ"*"”**" is the Lawrence
lifting of H, b = (0,0,...,0,1,1,..., 1) € Z"", W = (U =i, ..., — Tpy sl ..., ) €
Ri’é and y = max{r; : r; > 0} U {0} which can be solved by the extended Conti-Traverso

algorithm using the Grobner basis of 4.

Example 2. Suppose a code
C =1{(0,0,0),(1,1,0),(0,1,1),(1,0, 1)}

and a parity check matrix H = (1,1, 1). If the received sequence is r = (-2, -3,9),
then the most likely codeword is (1,0, 1). In this case, m = 1 andn = 3. Now u = 9
and w = (11,12,0,9,9,9). We can compute the Grobner basis G of I, with respect to
<y using the Buchberger algorithm. Then we find that G contains 18 binomials and
the normal form of X" = X,X;3X, by G turns out to be Y;Y3Ys as expected, giving the
optimal solution (1,0, 1,0, 1, 0) and the most likely codewords (1,0, 1) appeared at the

left half 3 components.

Let G be a Grobner basis of the ideal I, with respect to an adapted monomial or-
der <. As same as Lemma 3.9, the following lemma (Lemma 3.10) can be proved.

Lemma 3.10 leads a variant soft-decision algorithm of Algorithm 3.4.
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Algorithm 3.4 Soft-decision MLD using Grobner bases
Input: The parity check matrix H € Z7>" and the received sequence r € R".

Output: The most likely codeword u € C.
1: Find pu = max{r; : r; > 0} U {0}.
20 SetW = (U —ri,... .= Tuflfd,. .., 1) € RZ.
3: Let A = (49) be the Lawrence matrix of H.
4: Compute a Grobner basis G of I, with respect to an adapted monomial order <.
5. Set f = X1 -+ X ~
6: Compute the normal form ?g
7: Return u = (uy, ..., u,) with

F ooyl Yty L ylin
F=vyhyy yen,

n+l

Algorithm 3.5 Modified soft-decision MLD using Grébner bases
Input: The parity check matrix H € Z7>" and the received sequence r € R".

Output: The most likely codeword u € C.

1: Find u = max{r; : r; > 0} U {0}.

20 SetW = (U —ri,... = Fu ... ) € R

3: Let A = (49) be the Lawrence matrix of H.

4: Compute a Grobner basis G of LNF [Yy,...,Y,] with respect to an adapted mono-
mial order <,,.

5: Choose an initial codeword ¢ = (¢y,...,¢,) € C,and let ¢; = 1 — ¢; mod 2 for
i=1,...,n.

6: Set f =YYy

@
n+l T YZré
7. Compute the normal form f~ .
8: Return u = (uq,...,u,) with

7§ = Ylul R A0 ‘ias TS L

n = p+l 2n

36



CHAPTER 3. DECODING, INTEGER PROGRAMMING AND GROBNER BASES

Lemma 3.10. Let G = G N F[Y,,..., Y5, Then G is a Grébner basis of the ideal
Iy N F[Yy,..., Y] with respect to <. Choose ¢ = (cy,...,c,) € Candletc, =1 —c;
mod 2 for i = 1,...,n. Let f = Y{'--- Y'Yl ---Y;" and the normal form ?Q =

i Yyl Yo, Then the left hand-side vector (uy,. .., u,) is the most likely

n+1

codeword.

Proof. Since the assertion is followed by Lemma 3.9 straightforwardly, the proof is

omitted. O

Example 3 (Continued). The reduced Grobner basis G =GNF[Y,...,Y,] in Ex-
ample 2 consists of 14 binomials. Let the initial codeword ¢ = (c¢y,¢3,¢3) = (1,1,0)
at Step 5 in Algorithm 3.5. Then ¢ = (¢4, ¢,,¢3) = (0,0, 1) and we can compute the
normal form of Y{'Y5Y3® Yf Y? Y? = Y,Y,Y, by G’ which turns out to be Y;Y;Ys as
expected. If we let another codeword for the initial codeword at Step 5, for example,
(0,1,1) € C, we find that the normal form of the monomial Y,Y;Y, related (0,1, 1) is
also Y, Y3Ys.

3.5 Discussion on complexity

In this section, we discuss the complexity of the proposed algorithms. On the hard-
decision MLD algorithm (Algorithm 3.3), the complexity depends on the calculation
of the normal form at step 2. In the case of the modified soft-decision MLD algorithm
(Algorithm 3.5), the complexity depends on not only the calculation of the normal form
but also the calculation of the Grobner basis at step 4. Unfortunately, it is difficult to
estimate the complexity necessary for these operations even though it guarantees that
the algorithms terminate definitely. Experimentally, the computation of a Grobner ba-
sis using the basic Buchberger algorithm takes tremendously long time and consumes a
huge amount of storage space for codes with practical length and dimension. In section
4, we will discuss the complexity of computing Grébner bases in detail.

In the following, for the evaluation of the space-complexity of the proposed algo-

rithms, we try to estimate the number of the polynomials in the Grobner basis in the
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algorithms. Note that the Grobner basis which we consider in the proposed algorithms
consists of only binomials. Let G’ be the Grobner basis of the ideal I; N F[Y4,...,Y,]
with respect to the adapted monomial order in the hard-decision decoding algorithm.
Since Y7 —1 € Iy foreach j=1,...,n,if Y*~Y" € G’ withu # v # 0, then both u and
v are in ZJ when G’ is reduced. Therefore the number of the binomials in the reduced
Grobner basis G’ is less than 22! + n. This estimation may be loose in practice, in
fact, IQI’ = 6 in Example 1, while the bound is 22—l 4 p = 35. As the same reason, the
number of the binomials in the Grobner basis in the modified soft-decision algorithm
(Algorithm 3.5) is less than 2*"~! + 25, The number of the binomials in the Grbner

basis for a special class of codes can be estimated tightly [38].

3.6 Conclusion of this chapter

In this chapter, an extended Conti-Traverso algorithm to solve integer programs with
modulo arithmetics have been proposed. Furthermore, we have proposed the hard-
decision and soft-decision MLD algorithms for binary linear block codes based on
the extended Conti-Traverso algorithm using Grébner bases. The proposed MLD al-
gorithms are not as efficient as the known algorithms because of the complexity to
calculate Grobner bases. Future study should include an investigation of algorithms
for computing Grobner bases which are more efficient than the Buchberger algorithm

or the changing ordering algorithm [11].
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4. Generators of ideals in the Conti-like MLD algorithm

4.1 Finding generators of ideals in the Conti-like MLD

In chapter 3, we proposed the Conti-like MLD algorithm based on Grobner bases
of a certain ideal in a polynomial ring. In this chapter, we are interested in comput-
ing a Grobner basis for an ideal which is appeared in the Conti-like MLD. To compute
Grobner bases can be accomplished applying Buchberger algorithm [1,7], however un-
fortunately, the complexity of Buchberger algorithm is a strongly increasing function
of the number of variables and one of generators of ideals. Hence it would be useful to
reduce both the numbers for calculating Grébner bases. The main result of this chapter
is to obtain another generators of the ideal which is appeared in the Conti-like MLD
for reducing both the numbers of generators and one of the variables.

The Conti-like MLD algorithm consists in the first step of computing a Grobner
basis of the ideal which is determined in section 3. The second step then involves a
reduction of a monomial by the Grobner basis. The latter step is a subject of investiga-
tion of its own, and can be solved efficiently to use a reduced Grobner basis (see [1,7]
for the definition), so we concentrate on the first step only to speed up.

The conception in section 4 is derived from the study of Conti-Traverso algorithm
by Hosten and Sturmfels [21], and by Di Biase and Urbanke [10]. The basic problem
in Conti-Traverso algorithm is the complexity of computing Grébner bases, as similar
as the Conti-like MLD algorithm. Their concept to conquest of this problem is to
consider a certain ideal which is defined from the integral kernel of the coefficient
matrix of the integer program, and then to compute the generators of an ideal which
is defined by the kernel. The difference between the Hosten-Sturmfels method and the
Di Biase-Urbanke method lies at the latter step. On the Other hand, their methods are
in common at the former step.

In the case of Conti-like MLD, the coefficient matrix is the parity check matrix as we
have discussed in chapter 3, and its kernel over binary field forms a generator matrix.

We consider an ideal which is defined by a generator matrix of the code as similar as
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Hosten-Sturmfels or Biase-Urbanke, and show that the complexity of the computation

of Gr6bner bases in the Conti-like MLD can be improving theoretically [27].

4.2 Preliminaries

Let us fix every notation for the whole of section 3.

F is afield. F[X,,...,X,]is a polynomial ring in m variables X, ..., X,
with coefficients in F. 1P, w(b) is an integer program with a coefficient
matrix A, a target vector W and a right-hand vector b. 1P,y ,(b) is an
integer program with a coefficient matrix A, a target vector w and a right-

hand vector b using modulo g arithmetics.

For f € F[X,,...,X,] and an ideal I C F[X{,..., X,,], the ideal quotient (I : ) is
the set
{ge F[Xy,...,X,]: ffg €1 for some r € Zsy}.

Foru = (uy,...,u,) € 25,

a support of u is the set {i : u; # 0}. Every u € Z" can be
written uniquely as u = u* —u~ where u”™ and u™ are non-negative and have disjoint

supports. A graded reverse lexicographic order <gyiex 18 defined as follows:

m m

X" <greVleX X'e |ll| = Z u; < |V| = Zvi, or

i=1 i=1
|u| = |v|] and, in v — u, the right-most nonozero entry is negative. A weighted order <y

with w € RZ, 1s defined as follows:

m m
X“<WXV@W-U:Zwiui<w-v:2wivi, or
i=1 i=1

W-u=W-vand u <gelex V. Both <geyiex and <y with w € R form monomial orders.

4.3 Integer programming and Grobner bases

In this section, we will see Conti-Traverso algorithm [5] and the Conti-like MLD

algorithm [26] for discussion of their difference.
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4.3.1 Conti-Traverso algorithm

Conti and Traverso have proposed an algorithm to solve 1P, w(b), as we introduced
in section 3.2.3. Their algorithm uses the theory of Grobner bases, hence we briefly
review some basic notation in this section. Refer [1, 7, 8] for more detail.

Conti-Traverso algorithm first defines an ideal [, a monomial f; or the given input
A and b. We will see the definition of I, soon in section 4.4.1. The algorithm then
computes a Grobner basis G of I, with respect to the weighted order <, with the target
vector w. After the computation, the algorithm computes the normal form of f;, by the
basis G.

The computation of Grobner bases can be accomplished by Buchberger algorithm.
However, unfortunately, it takes much time and space to compute G by Buchberger
algorithm. There are two improved methods for computing Grobner bases for Conti-
Traverso algorithm: one is proposed by Hosten and Sturmfels [21], and another is
proposed by Di Biase and Urbanke [10]. In this thesis, we refer [45] for their methods
since the key ideas of them are summarized in [45].

Conti-Traverso algorithm have been further developed in [40,46,47,50,51] with the
development of the theory of toric ideals. The ideals Iy and I, N F[Y,,...,Y,] are
called roric ideals [47]. Algorithm 4.1 is a modified Conti-Traverso algorithm with an
ideal which consists of fewer variables and generators than one of the original. Note
that the original Conti-Traverso algorithm and the modified algorithm can be extended
in the case where w has negative values, however the details are beyond of this thesis

and omitted.

Algorithm 4.1 Modified Conti-Traverso algorithm
Input: A €Z™", beZ", weRl,

Output: An optimal solution of IP4 w(b).
1: Compute a Grobner basis Ga y of I, N F[Y,,...,Y,] with respect to the weighted
order <y, which is determined by w.
2: Compute the normal form of the monomial f;, by G4 .w With respect to <y,.

3: Return the exponent vector of the normal form.
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4.3.2 MLD Using Grobner bases

In section 3.3, we proposed a maximum likelihood decoding algorithm which is
based on an extended Conti-Traverso algorithm. The proposed decoding algorithm is
called the Conti-like MLD algorithm in this section.

For the soft-decision MLD (Algorithm 4.2), at step 2, we need a Grobner basis of
IxmyNF[Y, ..., Y,], where A(H) is the Lawrence lifting of the parity check matrix H.
We will reviewed the definition of /4 for an integeral matrix A in section 4.4.2.

On the other hand, for the hard-decision MLD (Algorithm 4.3), we does not need to
compute Grobner bases since it should be given as input of the algorithm. However, we
also consider the complexity of computing Grobner bases of the hard-decision MLD

algorithm in this section for practical application.

Algorithm 4.2 The Conti-like MLD algorithm for the soft-decision (Algorithm 3.5

revised)
Input: The received vector r € R” and the parity check matrix H.

QOutput: The most likely codeword.
1. Prepare a vector w.
2: Compute a Grobner basis G of 15y with the weighted order <.
3: Compute the normal form of a monomial by G.

4. Return the left-half of the exponent vector of the normal form.

Algorithm 4.3 The Conti-like MLD algorithm for the hard-decision (Algorithm 3.3

revised)
Input: The received vector r € {0, 1}" and G, where G is a Grébner basis of Iy N

FlYy,...,Y,] and a parity check matrix H.
Output: An estimated error vector.
1: Prepare a monomial f,.
2: Compute the normal form of f;. by G.

3: Return the exponent vector of the normal form.
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4.4 Computing Grobner bases
4.4.1 In the original Conti-Traverso algorithm

In order to focus upon the computation of a Grébner basis of I,NF[Y,,...,Y,] at
the step 1 of the modified Conti-Traverso algorithm (Algorithm 4.1), we introduce the
definition of . Let A be a non-negative integral m X n matrix and a; € Z%, be the i-th

column vector of A withi = 1,...,n. Define fA CF[Xi,.... X, Y1,...,Y,] as follows:
L=, -X%:i=1,...,n).
We can find a Grobner basis of
LyNF[Yy,...,Y,]

after computing a Grobner basis of 7, by Buchberger algorithm since the elimination
theorem [1, 7] leads the former Grobner basis equals polynomials which consisits of
Y;’s in the latter Grobner basis with an suitable monomial order.

However, the previous method is harder than to compute the Grobner basis directory
in general, since the number of variables and the number of generators of I, are larger
than one of I, N F[Y,,...,Y,], respectively.

There are two methods for the direct computation which is proposed by Hosten and
Sturmfels [21], and by Di Biase and Urbanke [10]. In this section, we refer [45] for
describing their methods. For computing Grobner bases, Buchberger algorithm needs
generators of the ideal as input. However, it is not clear to write the generators of
I,NF[Yy,...,Y,] explicitly. Then we meet a problem how to determine the generators.

First we introduce a basic lemma which exposes the generators theoretically.

Lemma 4.1.

IA,NF[Y,,....Y,]= Span {Y" —Y": Au = Av,u,v € Z{}

= <Yu+ — Yu7 Au = 0,ll S Zn,ll = ll+ - ll_,ll+,ll_ € Zr>_,0>’

where Spang{fi, ..., fs} for fi,.... fs € F[Y1,...,Y,] means a vector space over F

which is generated by fi, ..., fs; as a F-basis.
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Proof. See Lemma 4.1, Corollary 4.3 and Algorithm 4.5 in [45]. |

Unfortunately, this lemma is not useful to compute the generators since it is hard to
find pairs (u, v) which satisfies Au = Av, or since the number of vectors where Au = 0
is infinite in general. Therefore we needs other techniques to find generators explicitly.

First we introduce Hosten-Sturmfels’ method. Let Ker; A = {u € Z" : Au = 0}.
The kernel Kerz A forms a lattice over Z. Let E = {e;,...,e,} C Z" be a lattice
basis of Kerz A. We can compute E explicitly as Hermite normal form by the LLL
algorithm which is found by Lenstra, Lenstra and Lovész [33]. See also Algorithm
2.3.1 and Algorithm 2.4.10 in [4] for details on the LLL algorithm. Then we associate
the following ideal Jgin F[Yy,...,Y,]with I, N F[Yy,...,Y,];

Je=(YS% =YY% :i=1,...,5,¢= e —e; e e €Z,).
Since Ae;' = Ae; forevery i = 1,...,s, Lemma 4.1 says that fE is a subideal of
I, N F[Y,,...,Y,]. The next lemma shows that an ideal quotation of Je helps to find

the generators of Iy NF[Yy,....Y,]
Lemma 4.2 ( [21]).
LN FIYy,. . Y] = e s (Y- Y)™)

Proof. See Lemma 12.2 in [45]. O

Hosten and Sturmfels have developed an algorithm to compute generators of the
ideal quotation (Jg : (Y1 - Y,)®). Refer Algorithm 12.3 in [45] for detail.
On the other hand, Di Biase and Urbanke have developed another algorithm to com-

pute generators of I, N F[Y),...,Y,] using the subideal J; by the following lemma.

Lemma 4.3 ( [10]). If there exists e; € E whose coordinates are all positive for some
i, then Jp = I, N F[Y),....Y,].

Proof. See Lemma 12.4 in [45]. O
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In general, since every vector e; € E has some negative coordinates, while the lattice
basis E of Kerz A is not defined uniquely, Lemma 4.3 may not be applied. However,
Lemma 4.3 can be useful to compute generators of Iy NF[Y;,...,Y,] for combining a
simple algorithm. Their algorithm is also described as Algorithm 12.6 in [45].

On both Hosten-Sturmfels and Di Biase-Urbanke algorithms, the subideal J; plays
an important role to compute generators of I, N F[Y;,...,Y,]. In the next section,
we will consider an analogy of Lemma 4.1 and J;; for reducing the complexity of the

Conti-like MLD algorithm.

4.4.2 In the Conti-like MLD

In this section, our concern turns into an integer program IP, y »(b) for the Conti-like
MLD algorithm from original Conti-Traverso algorithm. We focus the ideal /,, which
has been defined in section 3.3. Note that the following discussion in this section can
be extended for IP, y ,(b) with an arbitrary prime g > 2 easily.

Let A be a binary m X n matrix and a; € {0, 1}" be the i-th column vector of A.

Remind that the definition of the ideal /, is following;
L= =-X%Xi-1:i=1,...,n,j=1,...,m).

Assume m < n. Then there exists a binary (n — m) X n matrix A* which satisifies
A*A" =0 mod 2, where A’ is the transpose of A. Especially, it is well-known that, for
a parity check matrix H of binary codes, H* becomes a generator matrix of the codes.

Let a; be the i-th row vector of A* and define a binomial ideal J4- C F[Y;,...,Y,]

as follows;
Jo= Y 1LY —1ti=1..n-mj=1,..n).
The key theorem of this section is following.

Theorem 4.4.
ILNF[Y,....,Y,] = Js
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Remark that Theorem 4.4 looks like Lemma 4.3, but, our theorem does not need
any assumption without only m < n. For the proof of the theorem, we needs another

auxiliary lemma.

Lemma 4.5. A binomial Y* = Y" € I, N F[Y3,...,Y,] foru,v € ZL, if and only if
Au = Av mod 2.

Proof. By the definition of the binomial, we have

e AR S ORI 7R SED SED ot
=1 ivi=1
Therefore if Y* — Y¥ € I,, then X** — X*¥ must be in the ideal (X? —1:i=1,...,n).
It leads Au = Av mod 2 immediately.
On the other hand, if Au = Av mod 2, then the statement Y* — Y" € I, is followed

straightly by Lemma 3.1 in section 3.3. O

Proof of Theorem 4.4. The statement of the theorem is reduced into the following two
claims:

Claim 1:
LOF[Y,.. Y] =(Y"-Y", Y’ ~1:Au=Av mod2,i=1,...,n).
Claim 2:
(Y'-YY' -1:Au=Av mod2,i=1,...,n) = Jy.

First, we have Yl.2 -lelywithi=1,...,nby Lemma 3.7. Lemma 4.5 leads the rest
of proof of Claim 1.

We have Aa; =0 mod 2 withi = 1,...,n — m from the definition of a®. Therefore
it is clear that the left hand ideal in claim 2 includes J4-. Conversely, suppose that

Au = Av mod 2 foru, v € {0, 1}". Then there exists I, u’, v’ € {0, 1}" such that

u=u +1 mod 2,
v=v +1 mod 2, and

Au' =Av =0 mod 2.
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We can write u’ as w’ = 7" p;a’ with some p; € {0,1} withi = 1,...,n—m. As

n—m

similar manner, we can write also v/ = >,7"" g;a’ for g; € {0, 1}. Then we obtain

Y' = Yl(Yu' _ YV')

EY'(H Yo - l_[ Y#)

iipi=1 iiqi=1

Y -
mod (Yiz—] i=1,...,n)
Since [T;p=1 Y¥ = [1iget Y& € (Y% —1:i=1,...,n—m), we have proved Claim

2. m|

The Conti-like MLD can be applied for the hard-decision MLD and the soft-decision
MLD. In the hard-decision case, we consider an ideal Iy, where H is the parity check
matrix of the code (See section 3.3 for details). Since H* is a generator matrix of the
code, the number of variables and one of generators of Jy- is smaller than one of I

(Table 4.2).

Table 4.2 Number of variables and generators in the hard-decision MLLD

variables | generators
section 3.3, [26] 2n—k 3n—-k
proposed in this section n n+k

On the other hand, in the soft-decision case, we consider an ideal /5y, where A(H)
is the Lawrence lifting of H. Since A(H)" is the k X 2n matrix (H*H™), the number of

variables and one of generators of Ja ) is also smaller than one of 75 (H) (Table 4.3).

Table 4.3 Number of variables and generators in the soft-decision MLD

variables | generators
section 3.3, [26] dn —k 6n —k
proposed in this section 2n 2n+k
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4.5 Conclusion of this chapter

We present another construction of generators of an ideal which is appeared in the
Conti-like MLD [26]. We show that the number of variables and the number of gener-
ators can be reduced for applying Buchberger algorithm to the Conti-like MLD. How-
ever, unfortunately, the improved Conti-like MLD takes much time and spaces because
of the complexity of Buchberger algorithm. Another computation method for Grobner

bases is needed in future works.
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5. Conclusion

In this thesis, two different approaches to realizing decoding algorithms have been
discussed. Both approaches can be used for arbitrary binary linear block codes.

In chapter 2, we investigated a sub-optimum algorithm which makes use of the tech-
niques of the ordered-statistics decoding and the maximum likelihood decoding. The
algorithm can be regarded as an extension of the OSD algorithm with O-th order re-
processing. The aim of our extension is to provide much flexibility for the OSD de-
coding. By adjusting the parameter ¢, we can control both decoding complexity and
error correcting performance simultaneously. We presented analytical estimation of
the complexity, and evaluated the complexity and the error performance by computer
simulation. Combining Kaji’s call-by-need decoding algorithm, we could show that
our algorithm achieves almost the same performance and complexity as the OSD al-
gorithm with 2-nd order reprocessing. We remark that our algorithm can employ an
arbitrary MLD algorithm. Therefore, the complexity of the proposed algorithm can be
further improved if a new efficient MLD algorithm is found in the future.

In chapter 3, we constructed a novel MLD algorithm based on an idea of utilizing
Grobner bases to solve integer programs with modulo arithmetics. For this sake, we
extended Conti-Traverso algorithm to a modulo arithmetics case. Since an MLD of
a binary linear block code can be regarded as an integer program with binary arith-
metic, our extended Conti-Traverso algorithm induces a novel MLD algorithm. This
approach provides a new viewpoint in coding theory and Grébner bases theory. Un-
fortunately, our MLD algorithm based on Grobner bases is not efficient in practice
because computing Grébner bases is hard. In the case of the hard-decision MLD, the
Grobner bases can be obtained by a pre-computation, which avoids the complexity is-
sues of computing Grobner bases. For another direction for this problem, we could
find a class of codes which can be decoded efficiently with the Grébner bases method.

In chapter 4, we have continued discussion for the Conti-like MLD. In this chapter,
we have obtained another construction of generators of ideals in the Conti-like MLD

for practical application. We can tie the results about decoding in the chapter together
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CHAPTER 5. CONCLUSION

with the theory of toric ideals, which is a popular topic in the recent algebraic geometry.
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