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A Sequential Decoder for Linear Block the Fano metric that maximizes the joint probability of the received
Codes with a Variable Bias-Term Metric signal and the considered path plus the tail of the code tree in certain
instances achieves better computational complexity than the Fano
Vladislav Sorokine Student Member, IEEE metric.
and Frank R. Kschischangyjember, IEEE The Fano metric as well as other metrics proposed for sequential

decoding algorithms, can be considered as modifications of priority-
first search algorithms developed in the computer science [19]. The

Abstract—A sequential decoder for linear block codes that performs aim of such algorithms is to find a minimum cost path from the root
maximum-likelihood soft-decision decoding is described. The decoder uses ngde in a tree to a goal node. The cost of partial paths leading from

a metric computed from a lower bound on the cost of the unexplored - : . : .
portion of the code tree. It is shown that for certain block codes the the root is determined, with the paths extended in an order determined

average computational complexity of this metric is superior to that of the PY a@ssigning ariority to each such path. For example, if priority is
Fano metric. A new function, the cumulative column distance function, given to shortest paths, a breadth-first search of the tree results. For

is introduced for linear block codes. This function is an important factor  decoding, a breadth-first search of the code tree is expected to be
that determines the average computational effort of a sequential decoder inefficient

for a linear block code with an arbitrary maximum-likelihood metric. . .
Simulation results show that a sequential decoder for linear block codes N the so-called AlgorithnA [19, pp. 74-81] the priority measure

with a fast growing cumulative column distance function achieves a low consists of two parts. One part reflects the actual cost oéxpéored
computational complexity, a result analogous to that for convolutional path leading to the given node and the other is an estimate of the
codes. future cost of extending this path to reach the goal node. (For block

Index Terms—Maximum-likelihood soft-decision sequential decoding, codes the goal node lies at a depth equal to the code length.) In the
variable-bias term metric. Fano metric [2] the part that reflects the future cost is the expected
value of the future cost taken over all possible extensions of the
current node. Thus sequential decoding with the Fano metric is an
o ] . ) instance of AlgorithmA in the terminology of [19].

The Fano metric is widely used in sequential decoding of cONvo- 4 \ya5 ohserved in [20] that the general approach of estimating
lutional codes_on_dlscrete memoryle_ss _channels. The optimality tﬂ% future cost by taking the expectation of the future metric with
the Fano_metnc (in the sense of ach|e_\_/|ng_a g_OOd baIanpe betw?gg'pect to the unexplored portion of the search tree is not always
comp_utatlonal e_ffort and error proba_blhty) IS dls:cussed In [1]_[4]computationally optimal, particularly when additional information
Algorithms for linear block-code trellis construction [5]-[11] natu- bout the future is available. Algorithi is renamed Algorithra*
rally lead to the introdgction gf soft-decision maximum-likelihoo hen the part of the cost that depends on the unexplored part of the
(ML) d_ecoders for arb'tfary linear ‘block codes (or group b!océearch tree is bower boundon the future cost obtained from certain
codes in general [9]). Linear block codes are generally easier Izﬁowledge about the problem structure. One instance of Algorithm

study than convolutional codes, and many good block codes %g, in which the algorithm relies on knowledge about the code (such

presently known. Their practical implementation in some applications ) .
is held back by the lack of soft-decision decoding algorithms TreIIisc‘arjlss aset or superset of the codeword Hamming weights), was proposed
y 9ayg . [18]. More recently, a tutorial paper on the Algorithaf, with

bypass this difficulty. Linear block codes, however, have trellises wi L - ) )

. . . %Prpllcatlons to ML soft-decision decoding of binary block codes,
a time-varying number of states. The maximum number of states A ared in [21]

be quite large, for example®* for the (128, 64) extended BCH pp :

code. Although a certain permutation of the code achi@iéstates In Section II, we describg a metric (priorit_y measure) that differs
[12], that is still exceedingly large for practical implementations Of]x_or_n both the Fano metric gnd the ”‘et.“c of .[18] an(_j that 'is
the Viterbi algorithm. trivial to compute compared with them. This metric was discovered

Sequential decoding algorithms can be readily extended frd%dependently by the authors and n [16] and [.22]' we cgl_l this
convolutional codes to linear block codes. Compared with the \ﬁterEﬂet“C thevan_abh_e bias tgrn(VBT)_metnc, and We give an emplr_lcal
algorithm, such schemes can provide significant savings in {REgument to JU_St'fy the .|ntrod.uct|on of the me_tn(_: in this pa_lrtlcular
average number of computations needed for decoding. Here we Ofrwn. quuentlal decoding with the VBT metric is another instance
consider ML sequential decoders, i.e., decoders with large enodgp/lgorithm A*. _
stacks (in the Zigangirov—Jelinek (ZJ) algorithm [13]-[15]) and no In Section Ill, we analyze the. performance of sequenjﬂal decoders
time constraints. Sequential decoding of linear block codes wH@t use the VBT metric. By introducing the cumulative column
investigated in [16]-[18]. Massey [2] observed that a modification &fiStance function (CCDF), we are able to extend known bounds on

computational complexity from convolutional codes to linear block
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even if the CCDF if not optimal (as in the case of a code in systematic
form).

In Section IV, we present the results of simulating the sequential
decoder with the VBT metric, the Fano metric, and the zero bias-term
(the Viterbi) metric for the(24, 12, 8) Golay code and the former  b%(1
two metrics for thg(48, 24, 12) extended quadratic residue code for
which good orderings that achieve a fast growing CCDF are known.

When comparing our results with convolutional decoders, it should ;2
be noted that a branch extension in the trellis of a block code usually 0
represents one symbol whereas a branch extension in the trellis of
a convolutional codes may represent several symbols. Thus it would
seem that more branch extensions are required for a block code than 1. A lower bound on the total cost to be accumulated in the unexplored
for a convolutional code of the same length. However, if the blodkture is given byX B;. The metric associated with the circled nodes is
code trellis is sectionalized so that a trellis branch represents sevdtdicated bym.
code symbols, the number of branch extensions for a block code
can be reduced. We have not pursued such sectionalization in fwsrresponding to the transmission -¢fl), where
correspondence, however. B, = min{|[rs — (=% |Iri — 1|}

m = b3(1) + 6}(2) + Lis3 Bi

m = b3(1) + 65(2) + Y>3 B

unexplored

m = bg(l) -+ 2122 Bl

Note thatB; changes with. The squaring operation in (3) and (4)

. ) ) . can be avoided for BPSK signaling. Simple manipulations show that
Sequential decoding schemes for decoding convolutional codes 0 <0
; mhry <

commonly use a probabilistic branch metric, namely, the Fano metric, Mo (i) = { . .
which can be written for a discrete memoryless channel as dri, ri>0

II. VARIABLE-BIAS TERM METRIC

and

p(ri|vi)
i) _ g (1) 0, ifri>0

p(rs) M) = { —4r; if r; <O0.
where p(7;|v;) is the channel transition probabi_lit;p(r;) is the We may consider the accumulated bias term as a lower bound
channel output symbol probability, anB# is a bias term, often for the accumulated metric of the ML codeword. Fig. 1 illustrates
chosen to be the code rai [1], [2]. For continuous channels poy we make use of this lower bound. The total estimated “cost”
(AWGN channels with BPSK modulation, to be exact) the Fangssociated with any particular path through the tree is given the sum
metric assumes the form of a) the (actual) cost through the already explored portion of the
/ 4(20; — 1)riVE, tree and b) a lower bound on cost through the unexplored portion
M(rilvi) = —log, {1 + exp <_T>} () of the tree. Letn(s) be the cost estimate associated with a state
in the tree and lek” be the actual cost (squared Euclidean distance)
where E; is the energy per transmitted bit aid}, is the one-sided associated with a branch connecting state its successor state".
noise power density. Then our cost estimate fort is given by
We note that the statistic to be maximized by the ML sequential 2
decoder Pr (m,t.,y) in the notation of [2]) depends on the m(s") = m(s) + (v* - By) ©®)
unexplored part of the code tree, and this dependency is remowelerei is the depth of™ in the tree. We take the quantity— B; as a
by averaging over future “tails” of the code tree [2]. Thus the Fanmodified branch metric in our decoding algorithm. The estimated cost
metric is the expected value of this statistic with respect to the futuoé opening the root node of the tree is given by0) = ¥, B;.
part of the code tree that is unexplored. The underlying assumptithus the VBT decoder uses tieast possible cost as the estimate
that the code is random assures that the Fano metric will havenfathe unexplored part of the code tree. In the following section we
good performance over a vast variety of codes. This assumptiovill see that this results in computational savings when employing
however, does not assure the superior performance of the Fano metécVBT decoder for certain codes (that have a fast growing CCDF).
in individual cases when more information about the code structw¥e will also give a heuristic explanation of this effect.
is available. The decoder with the VBT metric is ML by the following argu-
Let us formulate a different strategy that turns out to be a “winninghent. Suppose the total accumulated metric along the path at the
strategy for a certain codes. Consider first the Viterbi metric (thautput of the decoder is
is, just the squared distance between a received symbol and a n
branch symbol). The accumulated Viterbi metric is the sum of the A, = ZM,-(i) (6)
partial metrics and has the geometric interpretation of a squared i=1
Euclidean distance between the received point and the closest c@dfere j is 0 or 1 depending on branch labels. We use the ZJ
point. Suppose a binary code withaal binary phase-shift keying algorithm as a sequential decoding scheme. When the decoder makes
(BPSK) scheme is used, and suppose the decoder receives a sigftlecision, all paths in the stack below the top path of lemgth

of amplituder;,i = 1,2.---.n, in a particular time interval. We have larger partial metrics. The true Euclidean distance between the
introduce avariable-bias terrT(VBT) branch metric in the fO”OWing decoded path and the received sequence is

way: n n
o ‘ A=Y "M;i)+ D B )
Mo(i) = [lri = (=D|I* = Bi 3 ; 16) ;

(corresponding to the transmission ef), and The same second term in (7) will be added to any competitive path of
lengthn as well; so by minimizing4,, the decoder also minimizes
M (i) = |ri = 1]|* = B (4) the accumulated metrigl),.

M(ri|vi) = log,
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Even though the lower bound on the future cost that we use is 4
particularly simple, the decoder with the VBT metric opens fewer =
nodes than the decoder with the Fano metric for the codes wéE_
consider. =

IIl. ANALYSIS OF THE DECODER

Hamming weigh
3™
|

A. The Cumulative Column Distance Function

In the analysis of computational complexity of sequential decoding
of convolutional codes a prominent role belongs to ttw@umn T T T

distance functionwe need a similar function in the analysis of block 2 4 6 8
codes. We introduce the cumulative column distance function (CCDF) j
for linear block codes in the following way.

Denote bystart (C') = {i1,i2,- -+, i} the set of indices (or time ()

coordinates) where the minimal trellis diagram for @n k) linear
block codeC' has branches that split from the all-zero codeword —
(the start set of the code [10]) and supp@se& i> < --- <ix. The
mth-column distance functiod,, (j) is

min{w(c];: e1,---,¢i,,_, =0,¢,, # 0},
dm(?) = im <Jj<m
0, 0<j<im

Hamming weight, da(

wherem € {1,---,k},[c]; is the truncation of the codeword at
thejth position(j = 1,---,n), w[c]; is the Hamming weight of the
truncated codeword, and a minimum is taken over all codewords T T T
that split from the all-zero codeword in positiop,. 2 4 6 8
Itis immediately clear that CDF's for a linear block code may have j
different profiles depending on the index The “plateau” (using the ()
terminology of convolutional codes, even though some CDF's for a
block code may not have this flat portion) of each CDF (the value__ 4
atj = n) is lower-bounded by the minimal Hamming weight of the <=
code. The collection of CDF's for the “standard ordering” [8] of the
(8, 4) Reed—Muller code is shown in Fig. 2. :
To analyze the performance of the sequential decoder we follow
the results of [24]. An upper bound on the number of computations
performed by a sequential decoder for a binary code inrtik
incorrect subset is given by

P(Cp>Ny)<o- ndme*wdm(logz N )4d-logs N (8)

ht, ds

weig

0o 2 -

n

Hamm

whereC,, is the number of computations,,, denotes the number 2 4 6 8
of incorrect paths in thenth incorrect subset whose distance from j
the correct path ig,, (log, V., ), i.e., the value of thenth-column ©
distance function aflog, N.. + % ]. The parameters, ¢, ands are
the functions of the signal-to-noise ratio (SNR) and the code rate but_ 4
not N,,. =
This bound, derived originally for convolutional codes, is appli- f 3
cable to block codes since it considers different incorrect subsetssm
individually and so allows to substitute different CDF’s for each £
incorrect subset. We introduce thencamulativecolumn distance &
function (CCDF) to account for the fact that different subsets of a E
code tree of a block code have different cardinality (as opposed tog !
convolutional codes). Since those subsets of a code tree that start
later have exponentially decreasing cardinality (as a powe foir

binary codes), we write the CCDF as 2 4 6 8
k J
d(j)=">_ 27" du(j) (d)
m=1

Fig. 2. (a) CDF. (b) CDF;. (c) CDF;. (d) CDF; for the(8, 4, 4) RM code.
where2™"™ is the weighing factor accounting for different cardinali-
ties of incorrect subsets. The CCDF for tt&e 4) RM code is shown
in Fig. 3. to minimize the computational complexity of the decoder one has to
We need the CCDF to apply the result that was obtained Isyioose codes with fast growing CCDF. We can rephrase this result
Chevillat and Costello in [24] (see also [25]). In particular, in ordefor block codes as follows. In order to minimize the computational
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Fig. 3. CCDF (solid) and the upper bound (dashed) on the CCDF for tiég. 4. CCDF's for the standard (solid) and systematic (dashed) orderings
(8, 4, 4) RM code. of the (24, 12, 8) Golay code.
complexity of a sequential decoder for linear block codes one has 12
to choose block codes with fast-growing CCDF. We conjecture that
the minimization of the state space of the trellis diagram of a linear 7
block code (for definitions see [9] and [10]) leads to a particular & 8
permutation that achieves fast growing CCDF's. E 6
We now give a heuristic argument that the decoder with the VBT £ 7] 'y
term metric is particularly suitable for codes with fast-growing CCDF. E 4 !
The growth of the CCDF influences the computational effort of the £ 5 e
sequential decoder in a positive manner. Intuitively, the reason for =~ { /. o
this is the spatial “separation” of the code tree subsets. If the code tree T T T T T T T
subsets quickly become spatially separated after branching points of 4 8 12 16 20 24 28 32 36 40 44 48
a code tree, then the decoder is less likely to switch into an incorrect j

subset later on in the decoding process. The degree of such separation ) ) )
is reflected by the growth of CCDF. A decoder with VBT metridi9- 5. CCDF’sl for the standard (solid) and systematic (dashed) orderings
takes a lower bound on the future cost and thus maintains a redugfe(q1e (48, 24, 12) quadratic residue code.
list of contending paths compared, for example, with a decoder that
uses the Fano metric. Since for codes with a fast-growing CCL¥f indices where atomic generators end, i.e., have only zeros in the
a sequential decoder is less likely to switch to an incorrect subseture. The se§tart (C) is the set of indices where atomic generators
in general, such restriction of contending paths is advantageofis.the given ordering of the block code do not start. A permutation
Simulation results (Fig. 7) show that even codes in systematic foih the block code generally changsrt (C'). For a given ordering
perform well with the VBT metric. We explain this by the fact thalpf the code, this set is unique [10].
after an initial flat portion, the CCDF grows quickly and the decoder |t follows from the definition that a CCDF cannot change where
has low computational complexity overall. For codes with a slowan atomic generator starts since each node has outgoing branches
growing CCDF the Fano metric is expected to outperform the VBiRbeled with bott) and1 and so the minimum taken over the set of
metric since the decoder now has to estimate the future cost ow@hcated codewords cannot increase at this position. In other words,
an ensemble of subsets of the code tree to reduce the computational ) )
complexity (see, for example, [17]). dw(j+ 1) =dm(j), if j € start (C).
Many well-known codes have a} faﬁst-growing CCDF. We (:onsid%e haveSTaft (C) = end (C*) where C'* is the dual code of”

the (8, 4, 4) Reed-Muller, (24, 12, 8) Golay, and (48, 24, 12) 0, Theorem 5]. Denoté’, the jth .

. . ] ’ .[10, . o jth past subcode, i.e., the subcode
guadratic residue codes with standard orderings [8], [26], [27] whi oﬁ C whose region of suE)port i61,---, j}. We have
are known to have the best possible state complexity profile. In all e
three cases we observed fast growing CCDF'’s (see Figs. 3-5). For di(j) <1+ |end(C]»l_)| 9)
most linear block codes optimal orderings (i.e., permutations that
minimize the trellis complexity) are unknown despite recent efforghere lend(C;L )| denotes the cardinality of the setd(C;-) and

in this direction [23], [27]-[32]. 1 on the right-hand side due to the divergence of the codewords that
determine this first CCDF, from the all-zero codeword in the first
B. An Upper Bound on the CCDF position. The second term on the right-hand side of (9) determines

We derive here an upper bound on the CCDF's for a particulg}e dimension of thgth past subcode of the dual code*. So

(n, k, d) linear block code (with fixed ordering). Let us consider the di(j) <1+ dim OI-L_

first CCDF d; (j) (this bound is applicablenutatis mutandigo any '

d..(j)). Here we assume the terminology of [9] and [10]. A generatovheredim Cj_ is the dimension of thgth past subcode of the dual
of a block code is calle@tomicif it cannot be expressed as a suncode C*. Then [10], [26]

of codewords with strictly smaller span lengths. (In the literature, . N . .
the span of a codeword is also known assitgport) Observe that dim €= = j = (k = dim Cjy.)
§tart (C)is the (uniqL_Je) set of indices where atomic generators Sta\f\}herek is the dimension of the codé and so
i.e., have only zeros in the past (the past and the future are taken with

respect to the current time index.) Denotegnd (C') the (unique) set di(j) <1+j—k+dimCpy.
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Mean of pushes
Mean of pushes

Fig. 6. Mean number of “pushes” into the stack fart, 12) Golay code Fig. 7. Mean number of “pushes” into the stack fad, 12) Golay code
with standard ordering: VBT (solid), Fano (lower dashed), and zero bias temith systematic ordering: VBT (solid) and Fano (dashed) metrics.
(upper dashed) metrics.

100

We can upper-boundim C;+ by noting that this subcode has the g
minimum distance no less than the original code. Let us denote bya
Emax(n — j,d) the maximum dimension of a block code of length &
n — j and minimum distanceé. Then our upper bound assumes the o

form

Mea

dl(]) S 1 +J - k + kulax(n - jv d)

Making appropriate changes we write the upper bound oniittte
column distance function in the general form

dm(j) S 1 + (] - im + 1) - (k —-—m + 1) -+ kmﬂx(n - j d)

8 10
SNR

wherej > i,,,. From these one can also easily obtain an upper bouggl g Mean number of “pushes into the stack @8, 24) QR code with
on the CCDF given the start set of the code. standard ordering: VBT (solid) and Fano (dashed) metrics.

It is shown in [26] that minimizing the trellis state complexity
generally tightens the bountim C;+ < Emax(n — j,d). For some 70
codes such as thes, 4, 4) Reed—Muller and(24, 12, 8) Golay
codes, uniformly optimal orderings are known. Brouwer and Verhoeff g
in [33] give bounds on the minimum distance of binary codes as a &
function of (n, k). We used this table to compute bounds on CCDF'’s 5
for the (8, 4, 4) RM code. The CCDF and the upper bound for the §
(8, 4, 4) RM code are shown in Fig. 3. One can see that the standard®
ordering of the(8, 4, 4) RM code is close to the upper bound in 50
terms of the CCDF growth.

It is also possible to derive a lower bound on CCDF using the
result of [34]. The runs of zeros (that “slow down” the growth of 4 é é 10
CCDF’s) are bounded by the set of atomic spans in the dual code. SNR

This lower bound is, however, quite loose and we do not consider it
in the present correspondence. Fig. 9. Mean number of “pops” from the stack f6t8, 24) QR code with
standard ordering: VBT (solid) and Fano (dashed) metrics.

60 — \\\ Fano metric

IV. SIMULATION RESULTS
The performance of the sequential decoder for thé, 12, 8) extended node into the stack. In Fig. 6 we show the average number

Golay and(48, 24, 12) quadratic residue codes has been simulate8f “Pushes” performed by the decoder for tfi&t, 12, 8) Golay code
We were primarily interested in the comparative performance of tMéth the standard ordering. In Fig. 7 thi24, 12, 8) Golay code is in
VBT and the Fano metrics, and the performance of these codes watstematic form and, as we expected, the computational complexity
optimal and standard orderings. of the decoder increases. The VBT metric still performs better than
There is no universally accepted measures of the complexity € Fano metric for low SNR values and performs the same for higher
the decoder. One may use the number of additions and comparis8hR values. For the48, 24, 12) quadratic residue code we show
performed by the decoder as one such measure. We try to avoid figigtive numbers of “pushes” and “pops” of the stack in Figs. 8 and
ambiguity by counting the number of nodes we extend. There is9aOne can easily compute the actual average cost (i.e., the number of
fixed cost associated with extending a node. It consists of computidgditions and comparisons) of the decoder from this data depending
the branch labels, computing state labels (see [11]), and placing thea particular implementation.
node into the stack. The cost of placing the node into the stack mayin the model we assumed continuous additive white Gaussian
be relatively high if implemented in software or low if implementechoise (AWGN) channel characterized by a certain symbol signal-
in hardware [35]. The decoder also performs the extraction of the-noise ratio (SNR in Figs. 6-9). We rd)® simulation trials for
top node in the stack. The cost associated with this operationtie (24, 12, 8) Golay code and x 10° simulation trials for the
also fixed and usually is only a fraction of the cost of inserting afi8, 24, 12) quadratic residue code. It turns out that the distribution
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codes was constructed by Blaum and Roth [4] (for earlier results
Abstract—We introduce a family of binary array codes of sizet x n, see [5], [10], [18], and references therein). Having complexity of
correcting multiple phased burst erasures of sizef. The codes achieve gecoding proportional tent, the Blaum—Roth codes are of length at
mz;";ael (;\(A)gg?t?ﬁec?ep%btw%}"tﬁé I%‘Z'ggsc?sns'demd as codes over GE') mostt + 1, andt is of the formp — 1 for some primep. In our paper
[11], we proposed another class of codes of leritfth- 1 with the
L (t) same complexity. However, these constraints on the code parameters
l
=1

Codes Correcting Phased Burst Erasures

are quite restrictive.

Here we propose a new class 6f(t, n, r) array codes with

where L is a constant or is slowly growing int. The complexity of  mayimal erasure-correcting capability. The length of the codes is
encoding and decoding is proportional tornmL, where r is the number

of correctable erasures, andrm is the smallest number such thaR? =1 L ¢

4

modulo m. This compares favorably with the complexity of decoding
codes obtained from the shortened Reed—Solomon codes having the same

ters. . .
parameters for someL < t. If L is chosen to be constant independentt of

Index Terms—Array codes, complexity of decoding, decoding erasures, the codes have length proportional #6. Let m be the minimal
Reed-Solomon codes. number such that: > t, m|2! — 1. Then, complexity of decoding
the proposed codes is of ordenm L, i.e., if m is close tot and
I. INTRODUCTION L is constant, it is proportional tent. If L < log t log log t, the

. . . . . decoding complexity is still better than for general shortened RS
Let ¢+ x & bits of information be encoded in &x n-bit array, codes. IfT, = 1 andm is prime, thent equalsm — 1 and our

n > k. Due to some reasons, the data stored in several columns ggn

be lost or corrupted. We assume that we know in which columnsnStrUCtion coincides with the one of Blaum-Roth fok .
pted. The basic idea is that we use a shortened RS code over the

it has happened. The data they carry is said to be erased. SHSE}I GF(2") defined by anonprimitive polynomial M (), having
erasures are also referred to as phased burst erasures. Our purpose /

. o ; .a roota of orderm > t. It is desirable to havern as close as
now is to reconstruct the missing data. Problems of this type arise, . L ; .
- . ; T pdssible tot. Considering the elements of the field as polynomials
for example, in storage systems and information transmission o

ver . . ’
parallel channels, see [4], [5], [8], [10], [15]. [17]. and man I a, we pick only those columns of the parity-check matrix of the

; ) ) RS code that correspond to the elements with at niostonzero
references therein. Sometimes erasures may be deliberately declared.. . L . - .

. . o coeéfficients. The essential simplification is achieved by implementing
for the sake of increasing performance. For example, ifitpeces of

information do not arrive simultaneously, it is possible to reconstrut&l}fI computations in the ring defined modulo the polynomial— 1
. Y, LIS P ) -Where multiplication by a power of turns out to be a cyclic shift.
all the data from the partial information in our possession, while

considering the remaining pieces as erased. Such approach pro Eéléhe correspondence is organized as follows. In Section Il, we
= . ’ . ISCuss relations between the initial field and the corresponding ring.
to be efficient in RAID systems [7] and networks with pack?v P g ring

. SWe define the code by its parity-check matrix and prove that it
transmission [2], and [13]. . . . - .
A binary array codeC'(t ") corrects tor phased burst achieves the maximal correcting capability. In the next section, we
inary Y AL T, T up tor p u ive an example of decoding th&(20, 210, 2)-bit array code. In
erasures, i.e., reconstructs the correct codeword when at mo

. ction 1V, we describe the decoding scheme for multiple erasures.
columns have been erased. Clearly, the problem of constructing su§1 9 P

a code is equivalent to finding a code over @B with minimum
distancer + 1. The maximal error-correcting capability of such codes
is achieved if they are maximum-distance separable (MDS), i.e., theyLet the field F = GF(2") be defined modulo aonprimitive
correct up ton — k erasures [12]. irreducible polynomiali(z) of degreet. The elements of" are
A binary C(t, n, 7) code forn < 2' — 1 can be obtained by polynomials over Gk2) of degree at most— 1. Denote by« a root
shortening a Reed—Solomon (RS) code over(BF. A codeword of M(x). SinceM () is not a primitive polynomiale has ordenn,
wherem > t is a factor of2’ — 1, i.e., 2" = 1 modulom. Hence,
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