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Abstract— ARA- and protograph-based LDPC codes II. PRELIMINARIES
are capable of achieving error _perfor_ma_nce similar to We start with a brief definition of a rat& — b/c
randomly constructed codes while enjoying several im- | . . k
plementation advantages as a result of their structure. b'”arY L_DPC convolutlonql cod€. (A more detailed
LDPC convolutional codes can be derived from these codesdescription can be found in [1].) Let
through an unwrapping process. In this paper, we review
the unwrapping process as well as the pipeline decoder
that allows continuous decoding of LDPC convolutional 1 2 b .
codes. Computer simulations argthen used to demonstratewhereui — <u§ ),uz(- )_’ ,ul( )?’O <i<tteZ" and
that the unwrapped convolutional codes achieve a “convo- ¥; € GF'(2), be an information sequence. The encoder
lutional gain” in error performance. We conjecture that maps this sequence into the code sequence
this is due to the concatenation of many constraint lengths

u[O,tfl} = [u07 ug, ..., ut—l] ) (1)

worth of received symbols in the pipeline decoding process. Viog—1] = [Vos V1, s Vii] (2)
The consequences of this improved performance are exam- 1 (2 (©) ) n
ined in terms of factors related to decoder implementation: Wherevi = (v; ", v;™, ...,v;7),0 <@ < t,t € Z7, and

processor size, memory requirements, and decoding deIava-') € GF(2).

(latency). Finally, given identical protograph kernels, we A code sequence| satisfies the equation
compare derived block and convolutional codes based on

the above measures. V[Om]Hﬁ)m] =0, (3)
I. INTRODUCTION where, for allt < ¢/,
The convolutional counterparts of low-density parity- H{(t) o HL (L4 ms) 0
check (LDPC) block codes, LDPC convolutional codes, e 0 Ht+D .- _ B (¢4 me +1)
were first proposed in [1]. Analogous to LDPC block o : ' '
codes, LDPC convolutional codes are defined by sparse O Ho, (4 ma)

parity-check matrices, which allow them to be decoddsl a transposed parity check matrix, also called the
using iterative message-passing algorithms. The syndrome former of the convolutional cod& The
called pipeline decoder, that is typically used to decodebmatrices H;(¢), ¢ = 0,1,---,ms, are binary
these codes, employs several small identical process@rs- b) x ¢ submatrices given by

that perform the message-passing decoding iterations in

. h(lfl) (t) . h(lvc) (t)
parallel. In [2], the first two authors presented a general i i
comparison of LDPC block and convolutional codes, H;(t) = : : . @
investigating several practical encoding and decoding h(cm)(t) h(cfb,c)(t)

aspects of these codes. In this paper, we extend that work

by looking specifically at LDPC convolutional coded hey satisfy the following properties:
derived from ARA- and Protograph-Based LDPC block 1) H;(t) =0, ¢« <0 andi > mg, Y t.
codes. 2) There is & such thatH,,(t) # 0.
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vareole @ : be different) represents an edge type. For unstructured
i irregular LDPC codes, there is only one edge type.
Sodes Having the base protograph, we can obtain a larger graph

by a “copy-and-permute” operation as shown in Fig. 1.
This operation consists of first making copies of the
protograph and then permuting the endpoints of each
Fig. 1. Copy and permute operation for a protograph to generagelge type among thé/ variable andN check nodes
larger graphs. connected to the set d¥ edges copied from the same
edge type in the protograph. The derived or lifted graph
is the graph of a codéV times as large as the code
3) Ho(t) # 0 and has full rankv ¢. corresponding to the protograph, with the same rate and
We call ms the syndrome former memory and = the same distribution of variable and check node degrees.
(ms + 1) - ¢ is the overall constraint length. These As can be seen from the protograph representation in
parameters determine the height of the nonzero diagogd figures, those variable nodes, say,.., nodes, that
region of Hjy . The sparsity of the syndrome formefre connected to the channel (transmitted nodes) will be
is ensured by olemanding that its columns have very I&Mown as dark filled circles. Those variable nodes that
Hamming weight, i.eqvp (h;) << (ms+1)-c, i € Z%, are not connected to the channel (punctured nodes or not
whereh; denotes the-th column of H, . The code transmitted nodes) will be depicted by blank circles. The
is said to be regular if its syndrome forer[ ~] has check nodes will be depicted by circles with a plus sign
exactly.J ones in every row an& ones in every column, inside. The code rate for the protographAs= 2~
starting from the(ms - (c — b) + 1)-th column. The other provided that the parity check matrix of the de??@ed or
entries are zeros. We refer to a code with these propertiged graph is full rank.
as an(ms, J, K)-regular LDPC convolutional code, and As an example, consider the rate-1/2 systematic
we note that in general the code is time-varying and hespeat-accumulate (RA) code with repetition 3 shown
rate R =1 — J/K. An (ms, J, K)-regular time-varying in Fig. 2.
LDPC convolutional code is periodic with period if

protograph - Copy 3 times - Permute the edges

H,(t) is periodic, i.e.,.H;(t) = H;(t + T),V 4,t, and if protograph of RA Code
H;(t) = H,,V i,t, the code is time-invariant. Threshold 1.116 dB
We will describe a construction technique, similar to : ¢
the one given in [1], for deriving a periodically time- input A ‘

varying parity-check matrixHy, ., from the parity-

check matrix of an LDPC block code in Section V. !

The LDPC convolutional codes considered in this paper ., P, 3
are derived from the well-known classes of ARA- and

protograph-based LDPC block codes. Repeat 3 accumulator

1. ARA-BASED LDPC CODES Fig. 2. Protograph for a rate 1/2 RA code.

A protograph [3] is a Tanner graph with a relatively In [4] it was shown that the threshold can be further
small number of nodes. A protograght = (V,C, E) improved by precoding the repetition code with an accu-
consists of a set of variable nodgs a set of check nodesmulator. The design of the precoder in [4] was guided by
C, and a set of edgeB. Each edge: € £/ connects a an analysis of the extrinsic signal-to-noise ratio (SNR)
variable nodev. € V' to a check node. € C. Parallel behavior of repetition codes and punctured accumulator
edges are permitted, so the mappiang— (v.,cc) € codes using density evolution.

V x C'is not necessarily 1:1. As a simple example, we The use of a rate-1 accumulator as a precoder dra-
consider the protograph shown in Fig. 1. matically improves the extrinsic SNR behavior of a

This graph consists of 3 variable nodes and 2 cherdpetition 3 outer code in the high extrinsic SNR region
nodes, connected by 5 edges. In this example we harel hence improves the iterative decoding threshold of
5 edge types, i.e., each edge in the base protograpb overall code.
represents an edge type. For multi-edge LDPC codes, &n RA code with an accumulator precoder is called
group of edges (the number of edges in each group camAccumulate-Repeat-Accumulate (ARA) code [4]. An



example of a simple rate-1/2 ARA code and its corrgecoder with finite path memory [7], [8]. The decoding

sponding threshold is shown in Fig. 3. The ARA encodef two variable nodes that are at legsts + 1) time

in Fig. 3 uses a punctured accumulator as the precodenits apart can be performed independently, since the
corresponding bits cannot participate in the same parity-

protograph of ARA code check equation. This allows the parallelization of the
Threshold 0.516 dB

Ic iterations by employingl/~ independent identical

. processors working on different regions of the Tanner
graph simultaneously. A pipeline decoder that is based
on this idea was introduced by Jmez-Felsttm and

’ Zigangirov in [1]. The operation of this decoder on the

input orecoder Repeat 3 accumulator Tanner graph for a simple time-invariant rae= 1/3
LDPC convolutional code withns = 2 is shown in
Fig. 3. Protograph for a rate-1/2 ARA code. Fig. 5.

Assumingc received symbols enter the pipeline de-

In an ARA code protograph the number of degree ¢hder per unit time, it take&: - (ms+ 1) time units for
variable nodes is equal to the number of inner checlf§s c-tuple to reach the output of the decoder, where
(checks that are connected to these degree 2 variahlgjecision on these symbols is made. Thus, once a
nodes). If we decrease the number of degree 2 variallgcoding delay of - - (ms+ 1) time units has elapsed,
nodes with respect to inner checks, then the ensemiig decoder produces a continuous output stream, i.e.,
asymptotic minimum distance of the code may grogt each time unite newly received symbols enter the
with n. For example, if we replace 50% of the degregecoder and: decoded bits leave it. Th&- processors
2 variable nodes with degree 3 variable nodes, thgarform thel decoding iterations in parallel. At each
the minimum distance grows witl. We call such time unit, thei-th processor begins by activating the first
constructed codes ARJA [5] [6] codes because the inn&flumn of(c—b) check nodes in its operating region and
accumulator now has a “Jagged” appearance. The pfieen proceeds to activate the last columncofariable
tograph of a rate-1/2 AR4JA code and its correspondifgdes that are about to leave the operating region. A
threshold is shown in Fig. 4. We call this protograpBheck node activation is the step where the check node
AR‘4'JA due to the repetition by 4 on the right hanctollects all the incoming messages from its neighboring
side of the punctured degree-6 variable node. variable nodes, calculates the outgoing messages, and
sends the new messages to each neighboring variable
node. Correspondingly, during a variable node activation,
all the incoming messages to a variable node from the
neighboring check nodes are collected and the new out-
going messages are calculated. Then the new messages

protograph
Threshold 0.62 dB

input

. @ ‘ A . are s_ent to each neighboring check node.
input precoder ) Jagged This message passing schedule corresponds to a par-
(accumulator) repetition accumulator allel message passing schedule of a block code decoder
where all variable nodes are updated at once and then
Fig. 4. The rate-1/2 AR4JA protograph. all check nodes are activated. We will discuss a basis

for comparison between LDPC block and convolutional

IV. DECODING OFLDPC CONVOLUTIONAL CODES decoding in Section V.
LDPC convolutional codes can be iteratively decoded- DERIVATION OF CONVOLUTIONAL CODESFROM

using a message-passing algorithm. Although the cor- BLOCK CODES

responding Tanner graph has an infinite number ofIn this section, we present a graphical unwrapping

nodes, the distance between two variable nodes tpabcedure based on the binary parity-check makix

are connected to the same check node is limited bf{an arbitrary LDPC block code.

the syndrome former memory. This allows continuous In order to derive a periodically time-varying LDPC

decoding with a decoder that operates on a finite windaenvolutional code of rat& = b/c from an LDPC block

sliding along the received sequence, similar to a Viterbode, we cut the binary parity-check matdX of the
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Fig. 5. The Tanner graph of an R=1/3 LDPC convolutional code and astréition of pipeline decoding.

underlying block code along the diagonal in steps of sitiere is, in general, no constraint on the row and column
(c—b) x c. Next, we remove the upper-diagonal portioweights of the parity-check matrices, and the derived
and paste it to the bottom of the lower-diagonal portiotime-varying convolutional code has the exact same node
The resulting diagonal shaped matrix is then repeatddgree distribution as that of the underlying block code.
indefinitely, giving us the parity-check matriéd..,, of In other words, the unwrapping procedure preserves the
a time-varying convolutional code with peridd= ms+ degree distribution during the cutting and pasting (and
1. We refer to this cutting and pasting operation as tledso the repeating) steps, so the same approach can be
unwrapping procedure. In general, if we start from aemployed to derive irregular LDPC convolutional codes
(n, J, K)-regular LDPC block code of length and rate from irregular LDPC block codes.

R > 1 - J/K, we obtain an(ms, J, K)-regular LDPC

convolutional code with raté&? = b/c =1 — J/K and VI. DECODING COMPARISONS

syndrome former memons = (n/c) =1, €., overal In this section, we compare several aspects of decod-
constraint lengthvs = n. This procedure is |IIustrateding LDPC convolutional and block codes

in Fig. 6, where we derive a rat® = 1/3, (6,2,3)- '

regular LDPC convolutional code from a rale= 8/21, . .

(21,2, 3)-regular LDPC block code, where in this casé' Computational Complexity

the H matrix of the block code contains one redundant L&t Cereck (Cuar) denote the number of computations
row. required for a degreé& (J) check (variable) node up-

. . date. Regardless of the code structurg, . and Cyq;
The unwrapping step size ak — b) x ¢ produces depend only on the values and K.

a rate R = b/c convolutional code. Similarly, a step For a rateR = bjc, (me, J, K)-regular LDPC con
- ) Sy ¢y - -

size of (¢ — b)k x ck, where0 < ck < n andk € . > o
2+, produces a raték/be code. The special case OfvqutlonaI code and a pipeline decoder with iter-
ok ’: n, for example corresp.on ds to repeating th%tions/processors, at every time instant each processor
original block code indefinitely, and is therefore of ngcnvateSC_ — b check nqdes and variable _no_des. The
practical significance. On the other hand, this Specfé?mputatlonal complexity per decoded bit is therefore
’ ven by

case helps to show the connection between the block S
convolutional codes andulllustrates that .by de’:\creasmg the O = ((c—b)  Copeck + ¢ Coar) - IcJc (5)
value ofk we arrive at a “more convolutional” structure.

= ((1 - R) ' Ccheck + Cvar) : ICa

Although the above example uses regular LDPC block
codes as the starting point of the unwrapping proceduvehich is independent of the constraint length



000/0OO0O0O10 00001 00O0O0O0O1O0O0C . . .
10000000 0000010000100 symbols. However, since decoding can be carried out by
01000001 0000000 00001°C¢ pipelining I identical independent parallel processors,
001000001 000O0OO0O0OO0OO0OTO 01 . .
000100000/100001 00000 each operating on onlys symbols, the smaller size of
000010000[010000100°00C the individual processors may be useful in simplifying
00000100 0001]/00001000C | . - )
01000000 0100000 000°10°¢ hardware design and reducing routing congestion. For
001000000010000)07000:1 ¢ an LDPC block code of length, the processor must be
000100O0O0O0OO0OO01IO0OO0OIOOO0OGO i !
0000100000001 01000[00: capable of storing alh symbols.
000O0O1 0OO0OOO0OOO1IO 00|0 O C
000O0O0OO0O11 0O0O0OO0OO0OOOO0 01 0O0OTC
100000001 0OO0OOOOTODO 000G C InternaIEdgeMernory
(a) For the pipeline decoder, we need a storage element
000 for each edge in the corresponding Tanner graph. Thus a
; : g o total of I - (J) - vs Storage elements are required fer
001000 iterations of decoding. Similarly, we need (.J) storage
PP elements for the decoding of an LDPC block code of
000001000 1 lengthn.
0100O0O0OO0OO0TUO 0
PP e D. Decoding Delay (Latency) and External Observation
000010000 0101 000 Memory
000O0O1I OO0OTO 0010 00 . .
00000011 0000000 01L00DO:C Let T, denote the time between the arrival of suc-
100000001 00OOOOTODO 000G . . .
00 010 0000100 00100 ¢ cessive symbols, i.e., the symbol ratel j&s. Then the
©00000000001000010C¢C maximum time from the arrival of a symbol until it is
01 00O0O0OO0O0 OOOOTII G . . . .
001000000 0000O01 decoded in the pipeline decoder is
100001 000O0O0O0:!
0100001 O00O0O0CTC conv _ _ . . .
Joer 000k A ((c=1)4+(ms+1)-c-Ic)-Ts. (7)
000O0OO0O 0 ¢ . . .
00 0 c The first term(c — 1) in (7) represents the time between
000

the arrival of the first and last of theencoded symbols
output by a rateR = b/c convolutional encoder in each
encoding interval. The dominant second tefms + 1) -
(b)
¢ - Io is the time each symbol spends in the decoding
Fig. 6. Deriving a time-varying LDPC convolutional code from aRyindow. Sincec symbols are loaded into the decoder
LDPC block code: (af matrix for the block code, (BHconv matrix imult Iv. th ineline d d . buffer t
for the convolutional code after unwrapping. Simu anepus Yy, (n€ pIpelineé decoder requires a bufter 1o
hold the first(c — 1) symbols.

With LDPC block codes, data is typically transmitted

Similarly, the decoding complexity for a ratg > in a sequence of blocks. Depending on the data rate
1 — J/K, (n,J, K)-regular LDPC block code witiz and the processor speed, several scenarios are possible.

© o oo
© o
o

o

iterations is given by We consider the best case for block codes, i.e., each
J block is decoded by the time the last bit of the next
Chlock — (n. = . Cupeek + 1 - Coar) - Ip/n (6) block arrives. This results in an input-output delay of
7 K Ablock — 2p . T,. Note that the block decoder needs a
= (E - Ceheck + Coar) - I buffer to hold then — 1 symbols that arrive before the

next block is complete. This scenario is overly optimistic
= (1= R)- Cencer + Cvar) - I, since some bIockg will consume significantl)ym?)re than
which is again independent of the code lengthThus the average number of iterations to decode, and therefore
the difference in computational complexity betweemore thann symbols should be accommodated in the
block and convolutional codes (on a per decoded lsiecoder’s input buffer. Fogal, Dolinar, and Andrews

basis) is given by the ratidg/Ic. [9] have shown an additional block of storage reduces
) the likelihood of buffer overflow below typical frame
B. Internal Observation Memory error rates at operating SNR’s of interest. Therefore, we

The sliding window decoder implementation of anhooseA%OC’“ = 3n - Ts as an upper bound on block
LDPC convolutional code requires the storagelgf vs code decoding latency.



mg+1=512 copies

VIl. A B ASIS FORCOMPARISON

As noted in the previous section, there are many ways 4
to compare possible decoder realizations for LDPC block §
and convolutional codes. However, no one approachd
tells the whole story. This is due in part to the very
different structures of block and convolutional codes. In
fact, even before the LDPC coding era, it has always
been a controversial topic to determine how best to
compare block and convolutional codes. Notions such as

ms elements

R 1
B

- — =
Periodic repetition of g +1 elements from top row

mg+1=

trellis complexity, minimum distance bounds, and error lj Elements in original block matrix (2560x1536)
exponents have all been employed to this end. Similarly,

P . . . . Dj Elements in syndrome former matriX H

it is very hard to determine an ideal basis of comparison

between LDPC block and convolutional codes. In the (a)

final analysis, any comparison must be a function of ms +1=125 copies

the particular application, e.g., while a large storage
requirement or processor size might not be problems g
for mobile communications, a large latency may be §
undesirable, especially for real-time voice transmission E
In this paper, we choose a comparison method based?
on decoded bit error rate (BER) performance. For each
of the code constructions, we target a specific channel l \ 7
SNR at a fixed distance from the iterative decoding - i B
threshold of the employed code family. We then compare
LDPC block and convolutional codes that achieve the
same BER and/or frame error rate (FER) performance at
this SNR based on the criteria presented in the previous

5 co

ms elements

- - =
Periodic repetition of i3 +1 elements from top row
.j Elements in original block matrix (2500x1500)

Dj Elements in syndrome former matrix H

section. (b)
Fig. 7. Deriving an LDPC convolutional code from an LDPC block
VIIl. COMPARISON OFBLOCK AND code: (a) AR4JAx4x128, k=1024, n=2048 (+ 512 punctured nodes
CONVOLUTIONAL CODESBUILT FROM THE AR4JA  protograph unwrapping. (b) AR4JAx4x125 protograph unwrapping
PROTOGRAPH

OL_Jr comparison begins Wlt_h the_AR4JA protograph of These two block codes (with roughly 1000) are
Section Ill. Before constructing either convolutional of

block LDPC codes, we expand the graph of Fig. 4 by fﬁﬂ(v)v“’?‘rf’pfﬁe toa:grrnrlttipdce:&g\éo!ﬁtgna;ngfsﬁsigﬁg
factor of 4 to remove double edges. This working ‘bas viowing P inrg. 7. ' ’

graph is given the name AR4JAx4. The construction glge ARA4JAX4x128 (Fig. 7(a)) block code is broken into

two uniqué LDPC convolutional codes is described jpub-blocks of size: = 5 andc — b = 3, while the

Figs. 7(a)(b). In both cases, a block code is first derivA 4JAx4x125 (Fig. 7(b)) block code is broken into sub-

via expansion by a factor of 128, Fig. 7(a), and expanslccﬁ))nOCkS of sizec = 20 andc—b = 12. Note that the latter

by a factor of 125, Fig. 7(b). The number of rows anall?mensions adhere to those inherent in the AR4JAx4

columns in the transposed parity-check matrix of ea se graph. An additional factor is that the ARAJA code
of these block codes is indicated in the figure. No%as all degree-6 nodes punctured (see Fig. 4). Therefore,

e : :
that permutations associated with the aforemention'é'dterms of transmitted nodes, Fig. 7(2) @, = 4

expansions (x4, x125, x128) were performed using ta?d ;ath: (e - (C__lg))/ﬁg“’r”t:Rl/_Z' Similarly,
well-known progressive edge growth technique [10]. T%g' (b) hascirans = and rateR = (c — (c -

performance of these two block codes is denoted by t g/cm‘"s N 1/2'_ . .
k = 1000 and % — 1024 curves in Fig. 8. Much of the interest associated with LDPC convo-

lutional codes stems from the increase in coding gain

These convolutional codes are unique, but are constructedt_Hf5lt can be obtained through simple periodic repeti-
achieve relatively ‘comparable’ convolutional LDPC codes tion, by a factor of Io, of graphs like those shown



AR4JAx4x125 Conv| AR4JAx4x128 Conv| AR4JAx4x2048 Blk
Complexity Per Decoded Bit [2-input Ops] 12/-=1200 127-=1200 12/5=436
Observation Memory [Depth] vI-=250000 vsI=256000 n=40960
Edge Storage Memory [Depth] vsJawgIc=750000 Vs JavgIc=768000 | nJ,,,=122880
Latency [I[] | vsIc=250000 vs1c=256000 3n=122880
TABLE |

COMPLEXITY MEASURES FOR CONVOLUTIONAL AND BLOCKLDPC CODES BUILT FROM IDENTICAL PROTOGRAPHS WITH COMPARABLE
BER Vs. SNRPERFORMANCE

in Figs. 7(a)(b) {¢ = 2 in the figure). For instance, 10
while the performance of the block codes underlying
the convolutional codes in Figs. 7(a)(b) is given by
the circle and square marked lines in Fig. 8, periodic
repetition by a factor offl = 100 of the unwrapped
versions of these block codes yields the performance
shown by the diamond and pentagram marked lines in
the same figure. At a BER®~°, nearly a full decibel

of performance is gained without the expense of any
additional rate whatsoever. A main motivation of this
paper is to examine whether or not the cost of the
performance gained by convolutional constraint length
repetition is more or less than the cost of the gain
associated with further expansion of the underlying block

code. Note that the performance of any code constructed 1070 o5 ; " . 2
via repetition of the AR4JA protograph can do no better E,/N, (d8)
, . —f— Conv AR4JAx4x125 (c=20b =8 m, = 124)1 . =100
than the protograph’s threshold, whichAg/N, = 0.62 Cony ARIAXAX128 (¢ =5 b = 2 m,_ = 511) | = 100
dB Blk AR4JA (k = 1000) Imax =200
. . . . —6— Blk AR4JA (k = 1024) Imax = 200
Based on the simulation results shown in Fig. 8, —A— BIk AR4JA (k = 16384) Imax = 200

we see that the performance of AR4JAx4x2048 (the
AR4JAx4 base graph expanded via circulant permutatiﬁ@‘4
by a factor of 2048, which halk = 16384 andn.qpns =
32768 (n = 40960)) coincides nearly exactly with the
performance of thd- = 100 unwrapped convolutional
codes atf, /N, = 1.0 dB and BER =10"". In addition, the code are transmitted and must be buffered in the
the average number of iterationks = 36.3, performed decoding process. For essentially equal performance the
by the block decoder is given for this SNR and otheJock code requires 6 times less internal observation and
across an operating region of interest in Fig. 9. Wedge storage memory and incurs at worst (due to the
can apply the complexity analysis outlined for regulatpper bound of 8 on block code latency) 2 times less
codes in Section VI to AR4JA based codes with a fedecoding latency.
additional assumptions. First, let the parametérandJ  Table | also shows that the block code requires 2.57
(the constraint and variable node degrees) be denotediigyes fewer computations per decoded bit than the
Kawg = 5 and Jo,y = 3. Second, assume that a degregonvolutional code, where we note that the number of
Kavg constraint node requiréSepecr = 2Kqyg 2-iNPUt  computations performed is proportional to the number of
operations to perform an update; similarly a degigg, iterations. (Because of the identical graph connectivity
variable node require€'y,, = 2J404 2-input operations of the LDPC block codes and the LDPC convolutional
(see, for instance, [11]). Given these assumptions, Wédes derived from them, they perform the same num-
refer the reader to Table I. ber of computations if they use the same number of
Without biasing results to one approach over the othégrations.) However, for the simulation results shown
the results in the table assume that all variable nodesiinFig. 8, the LDPC convolutional codes employed a

8. Rate-1/2 convolutional and block LDPC codes based on the
JA protograph.
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processors may allow for higher clock frequencies and
provide higher throughputs than is possible with a single
block decoder. We note that pipelined LDPC block
decoders can also be designed to use individual pro-
cessors, with each processor performing only a fraction
of the total number of iterations. In this case, however,
the block code would lose the storage memory and
decoding latency advantages noted above compared to
their convolutional counterparts.
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sof IX. CONCLUSION

An advantage of the convolutional structure is that
performance can easily be gained by simply adding
more constraint length multiples (iteratiodg) at the
: : : : : : decoder without changing the encoding structure at all.
0 02 04 06 08 1 12 14 Also, the natural pipeline structure of the convolutional

Eb/No (dB) - . .
decoder facilitates the realization of low error rates and
Fig. 9. Average decoding iterations vs. SNR for Rate-1/2 AR4JROte_nt|a”y high thrO_UthmS by _des_'gn'_”g a procgssgr of
with & = 16384. relatively modest size and replicating it in the pipeline.
However, if one has a particular target error rate in
mind, designing a dedicated block code achieves the
constant number af> = 100 iterations, while the LDPC desired result with less latency and reduced memory
block codes made use of a syndrome-based stoppfeguirements.
rule to decrease their average number of iterations toWe are currently initiating a practical hardware-based
I = 36.3, with the maximum number of iterations fixedcomplexity comparison of the LDPC codes presented in
at Iz = 200. This leads to the difference in the numbethis paper. This includes realizations of the LDPC block
of required computations noted above. decoding and pipelined LDPC convolutional decoding

As a result of the extended graph of LDPC convairchitectures on field programmable gate arrays (FPGAS)
lutional codes, stopping rules are not as obvious as fid application specific integrated circuits (ASICs).
LDPC block codes. One such stopping rule has beéhese realizations will provide further insight into the
proposed, however, in [12], where the average numbemparisons presented in this paper, including deter-
of iterations can be reduced without affecting the errépining possible practical implementation bottlenecks in
performance. Using this rule, the independent processktgns of memory and logic element usage.
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