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Abstract— Asymptotic analysis of low-density parity-check
(LDPC) code weight and stopping-set enumerators, for code-
words and stopping sets which grow linearly with codelength, has
aided in designing codes with linear minimum distance and low
error floors. However, the analysis cannot capture the behavior
of codewords and stopping sets that grow sublinearly with
codelength. Thus, it is unclear how well the analysis describes
behavior for finite codelengths, particularly for short codes. In
this paper, we provide another perspective on protograph-based
and standard LDPC ensemble enumerators, based on analysis of
stopping sets withsublineargrowth, which brings new insight into
sublinear stopping-set behavior, protograph structure, and pre-
coding. Using approximations to the stopping-set enumerators,
we show that for stopping sets that grow at most logarithmically
with codelength, the enumerators follow apolynomial relationship
with codelength, unlike the exponential relationship for linearly-
growing stopping sets. Further, we analyze for what stopping-set
sizes and codelengths the approximations apply.

I. I NTRODUCTION

Low-density parity-check (LDPC) codes in conjunction with
iterative decoding based on message-passing algorithms can
achieve excellent performance,e.g., in [1] where density
evolution is used to analyze the asymptotic, infinite-codelength
performance. Despite their excellent threshold performance,
LDPC codes withfinite codelengths exhibit error floors, which
limit the smallest error rates achievable by a code.

Investigating error floors is more tractable for the binary
erasure channel (BEC) where stopping sets [2] are used to
analyze the iterative-decoding LDPC performance. Ensemble
stopping-set enumerators capture the average performanceof
an LDPC ensemble. These stopping-set enumerators behave
similarly to weight enumerators, and both enumerators are
useful in analyzing error-floor performance,e.g., in [3], [4].

Protograph-based LDPC ensembles possess several advan-
tages, including smaller memory requirements due to simpli-
fied graph representation, high-speed decoding by utilizing
the code’s parallel structure, and lower error floors while
maintaining good thresholds [3]–[7]. These ensembles use
protographs [5] to provide additional structure to LDPC codes,
similar to multi-edge type codes [7], and are generated by a
“copy-and-permute” operation on a base graph [5]. First,Z
copies of the protograph are generated. Then, for each edge-
type k in the base protograph, the endpoints of theZ type-k
edges are permuted between theZ variable andZ check nodes
to which theZ edges are connected.

Asymptotic analysis of weight and stopping-set enumerators
for protograph-based LDPC ensembles has been completed for

the case when codeword weight and stopping-set size grow
linearly with codelengthn [3], [4]. This analysis has aided
in the design of protograph-based LDPC codes with linear
minimum distance and with good threshold and error-floor
performance [4], [6]. However, the analysis does not capture
the behavior of stopping sets that grow sublinearly withn.
Also, the question arises of the validity of the enumerator
approximations in realistic scenarios when the codelengthis
finite. For instance, for a code of lengthn, it is unclear if
size-v stopping sets belong to the class of stopping sets which
grow linearly or sublinearly withn.

In this paper, we provide another perspective on enumer-
ators for protograph-based and standard LDPC ensembles,
based on analysis of stopping sets withsublineargrowth with
codelength, which brings new insight into (1) how sublinear
stopping-set enumerators behave, (2) how this behavior im-
pacts code design, (3) how protograph structure can improve
performance over standard ensembles, and (4) how precoding
can improve error-floor performance. We first obtain tractable
approximations to the stopping-set enumerators. Then, we
address the question of when the approximations are valid,i.e.,
for what stopping-set sizes and codelengths do the approxima-
tions apply. The resulting analysis shows that for stoppingsets
that grow at most logarithmically with codelength, the enumer-
ators follow apolynomialrelationship with codelength, unlike
the exponential relationship for linearly-growing stopping sets.

II. ENSEMBLE STOPPING-SET ENUMERATORS

First, consider the standard LDPC ensemble,i.e., where all
possible edge permutations between variable and check nodes
are equiprobable, with maximum variable (check) node degree
dv (dc), variable-node and check-node degree distributions
L(x) andR(x) from the node perspective, and corresponding
normalized variable-node and check-node degree distributions
l(x) andr(x). The ensemble stopping-set enumerator,i.e., the
expected number of stopping sets of sizev in the standard
ensemble of LDPC codes with codelengthn, is given by [8]
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where coef{p(x), xe} is the coefficient of thexe term
in the polynomial p(x), e is the number of edges



in the stopping set, ki is the number of degree-
i variable nodes in the stopping set, andSv =
{

k : 0 ≤ ki ≤ nli, ∀1 ≤ i ≤ dv;
∑dv

i=1 ki = v;
∑dv

i=1 iki = e
}

.
A similar expression can be derived for protograph-based

ensembles where for each edge-typek, all possible permuta-
tions of theZ type-k edges are equiprobable and independent
of all other edge types.

Theorem 1:For an LDPC ensemble generated byZ copies
of a protograph withM variable-node types andJ check-node
types, the expected number of size-v stopping sets is

s(n, v) =
∑

n∈Sp







M
∏

i=1

(

Z

ni

)1−dv,i

×

J
∏

j=1

coef















dc,j
∏

k=1

(1 + xk) −

dc,j
∑

k=1

xk





Z

,

dc,j
∏

k=1

x
nνj,k

k
















(2)

where the codelengthn = ZM , ni is the number of type-i
variable nodes in the stopping set,dv,i (dc,j) is the degree
of the ith (jth) variable-node (check-node) type,νj,k is the
kth variable-node type to which thejth check-node type is
connected, andSp =

{

n ∈ {0, . . . , Z}M :
∑M

i=1 ni = v
}

.
The proof is omitted (see [9]), but some intuition behind (2)

can be seen as follows. The setSp contains all possible
distributions of variable-node types thatv variables can take,
and the coefficient term in (2) represents the number of ways
to connect thev variable nodes to type-j check nodes such
that a stopping set is formed.

Equation (2) is an exact expression and can be shown to
be equivalent to the expression in [4]. By expressing the
enumerator with the coefficient term in (2), we are able to
describe a closed-form combinatorial expression which is then
approximated in Section III. In [4], the equivalent term is
calculated recursively using multinomial z-transforms.

III. E NSEMBLE ENUMERATOR APPROXIMATIONS

In order to obtain simpler, more tractable enumerator ex-
pressions, approximations are derived by taking upper and
lower bounds on the combinatorial expressions in the exact
enumerator and then combining the results to find an approx-
imation. The proofs are omitted (see [9]).

A. Standard Ensembles

Theorem 2:For a standard LDPC ensemble withdc > 2,
codelengthn, and stopping-set sizev such that

v ≤ xn min
1≤i≤dv:li 6=0
1≤j≤dc:rj 6=0

{li, 2(1 − R)rj/dv}, (3)

for any constantx ∈ [0, 1/dv), the expected number of
stopping sets of sizev is approximated by

s(n, v) =

min{dvv,L′(1)}
∑

e=v

nv−⌈e/2⌉±O(v log v)
log n . (4)

Since we are examining sublinear stopping sets, the con-
dition on v is not restrictive. The approximation in Theo-
rem 2 can be simplified when the stopping-set growth is

constrained. For example, for stopping sets that grow at most
logarithmically with codelength,i.e., v ≤ β log n for an

appropriately-restricted constantβ, the error termn±
O(v log v)

log n

in (4) simplifies ton±O(log[log n]). Further, for stopping sets
whose sizev is a fixed, finite constant, the error term simplifies
to O(1). (See [9] for more details.)

B. Protograph-Based Ensembles

First, we introduce a few terms. LetV be the set of
all variable nodes in the graph and fix a subsetVv ⊆
V such that the variable-node types inVv are distrib-
uted according ton ∈ Sp. Now, several quantities will
be defined for a particular check-node typej. Let B =
{

(b1, b2, . . . , bdc,j
) ∈ {0, 1}dc,j :

∑dc,j

k=1 bk 6= 1
}

. This set rep-
resents the possible connections a single type-j check node can
have toVv such that it is connected at least twice or not at all.
For eachk, bk is 1 if the kth edge emanating from the check
node is connected toVv and is 0 otherwise. Enumerate the
elements inB = {β0, β1, . . . , β|B|−1} whereβ0 is the all-zero
vector and all other vectors are enumerated in any fashion.
Let βh,k be thekth element ofβh. Let mh be the number of
type-j check nodes whose connections are described byβh

and letm = (m0, . . . , m|B|−1). Finally, for a givenm, let wj

be the number of type-j check nodes connected toVv.
Theorem 3:For an LDPC ensemble generated byZ copies

of a protograph withM variable-node types,J check-node
types, codelengthn = ZM , and stopping-set sizev < n, the
expected number of size-v stopping sets is approximated by

s(n, v) =
∑

n∈Sp

Zv−e+w∗±O(v log v)
log n (5)

where e is the number of edges emanating from stop-
ping sets distributed according ton. The quantityw∗ =
∑J

j=1 w∗
j where w∗

j = maxm∈Sm
{wj} and Sm =

{

m ∈ {0, . . . , Z}|B| :
∑|B|−1

h=0 mh = Z;
∑|B|−1

h=0 βh,kmh =

nνj,k
∀k = 1, . . . , dc,j

}

for eachj ∈ {1, . . . , J}.
The quantityw∗ represents the largest possible number of

check nodes connected to stopping sets distributed according
to n. The difficulty in applying Theorem 3 is in determining
w∗ for a givenv andn. By restricting the stopping-set growth,
the approximation in Theorem 3 can be simplified, similar to
the standard-ensemble simplifications in Section III-A.

C. Insights into Sublinear Stopping-Set Enumerator Behavior

Theorems 2-3 show that the enumerator approximations
have a polynomial relationship to the codelengthn. In contrast,
the asymptotic analysis in [3], [4] show that the enumerator
follows an exponential behavior with codelength, for linearly-
growing stopping sets. This difference indicates that our
analysis captures sublinear behavior of the stopping sets which
could not be captured in [3], [4]. Thus, the results here help
to more fully capture stopping-set behavior and may be more
useful in gaining insight for finite codelengths, particularly for
short codes where the dominating stopping-set sizev = δminn
in the linear analysis may be too small (e.g., small enough to



be avoided by an intelligent permutation algorithm) to provide
meaningful results.

We define two categories of behavior: Category P con-
tains stopping sets which follow the polynomial behavior
in Theorems 2 and 3, which includes finite stopping sets
and stopping sets which grow at most logarithmically with
codelength. Category E contains stopping sets which follow
the exponential behavior in [3], [4], which includes stopping
sets which grow linearly with codelength.

By analyzing (4) and (5) for category-P stopping sets, we
find the dominate terms of the ensemble enumerators such
that limn→∞ s(n, v) = αn−ES,P whereα is some constant
and ES and EP are the dominating exponents for standard
and protograph-based ensembles, respectively:

ES = ⌈emin/2⌉ − v = ⌈dv,minv/2⌉ − v (6)

EP = e∗ − v where e∗ = min
n∈Sp

{e − w∗}. (7)

Equation (6) shows that the minimum variable-node degree
dv,min is the key factor in error-floor performance of standard
ensembles. Ifdv,min = 2, as is the case for many good
LDPC codes, thenES = 0 and there always exists a positive
probability that small stopping sets exist in the ensemble.

For protograph-based codes,w∗ ≤ ⌊e/2⌋. Thus,

e∗ ≥ min
n∈Sp

⌈e

2

⌉

≥ min
n∈Sp

⌈

M
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i=1

nidv,min

2

⌉

=

⌈

dv,minv

2

⌉

and hence,

EP = e∗ − v ≥ ⌈dv,minv/2⌉ − v = ES . (8)

Since large exponents are desirable to make the exponent
of n more negative, this result shows that protograph-based
ensembles perform at least as well as standard ensembles and,
in fact, have the possibility for achieving exponents whichare
strictly more negative. MaximizingEP requires minimizing
w∗ which is dependent solely on the protograph structure.
Intuitively, the protograph enforces structure such thatw∗ and
hence the exponent−EP can be strictly less than for standard
ensembles, resulting in better error-floor performance.

Additional insight provided by Theorems 2-3 includes the
following. For finite stopping sets, (1) if(v − e + w∗) <
0, then the expected number of such stopping sets can be
made arbitrarily small by choosing a large enoughn, or (2) if
(v − e+ w∗) ≥ 0, then the expected number of such stopping
sets is lower bounded by a positive finite number for alln. If
dv,min ≥ 3, as in [10], then(v− e+w∗) < 0 for all stopping
sets in the ensemble. Thus, the expected number of all finite-
sized stopping sets can be made arbitrarily small by choosing
a large enoughn, and such codes are guaranteed to have good
error-floor performance for category-P stopping sets.

IV. REGION OFAPPROXIMATION VALIDITY

To help determine whether stopping sets behave polynomi-
ally or exponentially, we examine when the approximations of
Section III are valid. Specifically, for what values of stopping-
set sizev and codelengthn do the approximations apply? We
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Fig. 1. Protograph P analyzed in Section V. The protograph contains 6
variable-node types (circles) and 3 check-node types (squares).

will only present the analysis for protograph-based ensembles
for which at most one edge type connects any variable-node
type to any check-node type in the protograph. For all other
protographs, one can simply expand the protograph to meet
this condition and then apply the analysis given here.

Given n ∈ Sp andm ∈ Sm, the corresponding term in the
stopping-set enumerator in Theorem 1 can be expressed as

ln sn,m(n, v) = ln c + (v − e + w∗) lnn + A (9)

where

c =
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∏
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Comparing the error term|A| to |(v− e+w∗) ln n| will show
when the approximation in Section III is valid.

Theorem 4:Given a small fractionγ > 0 and any constant
a ∈ (0, 1), let N0 be the solution ofn in the following equation

n lnn =
Mv

γ

(

1 +
a

2(1 − a)2

) (

1 +
1

dv,avg − 2

)

wheredv,avg is the smallest average variable-node degree in
stopping sets of sizev. Then, for allv and n satisfying the
conditionsv/n ≤ a/M andn > N0, the error term is upper
bounded by|A| ≤ γ|(v − e + w∗) ln n| and hence, for small
γ, the stopping-set enumerator can be approximated by

ln sn,m(n, v) ≈ ln c + (v − e + w∗) lnn. (10)
The proof is omitted (see [9]). Sincev is proportional to

N0 lnN0, the ratio of v/N0 monotonically increases asv
increases. Also, there may exist values ofn < N0 such that
the upper bound on the error term still holds. Additional work
to tighten the bounds used to generate the approximations are
necessary to capture a larger portion of the region of validity.

V. A N ILLUSTRATIVE EXAMPLE

Comparing the regular (3,6) LDPC standard ensemble to
the ensemble generated by protograph P in Fig. 1 provides
an illustrative example of insights provided by the sublinear
analysis in Sections II-IV. The protograph-P ensemble is a
subset of the standard ensemble. Among other restrictions,
protograph P’s structure prevents size-1 stopping sets from
forming.

Examining the behavior of category-E stopping sets as
in [3], both ensembles have the sameδmin, the largestδ = v/n
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Fig. 2. Ensemble stopping-set enumerator vs. codelength for the regular
(3,6) standard ensemble and protograph-P ensemble.

such that the enumerator still decays exponentially withn
and hence, an important factor in error-floor performance.
However, the category-P stopping-set behavior is different for
the two ensembles, as will be shown next.

From (6) and (7), the dominating exponentsES and EP ,
respectively, can be calculated for category-P stopping sets.
For the regular (3,6) standard ensemble,

ES(v) = −v +

⌈

3v

2

⌉

=
⌈v

2

⌉

. (11)

For the protograph-P ensemble, it can be shown (see [9]) that
w∗ = 3 ⌊v/2⌋ and hence,

EP (v) = −v + 3v − 3
⌊v

2

⌋

= 2v − 3
⌊v

2

⌋

. (12)

A comparison of the two results shows that whenv is even, the
exponents are the same for both ensembles. However, when
v is odd, EP (v) − ES(v) = 1 and thus, the protograph-P
ensemble has better exponents than the standard ensemble.

The ensemble stopping-set enumerators for the two ensem-
bles are shown in Fig. 2 as a function of codelength for
stopping-set sizesv = 1 to 5. The values plotted are exact,
numerically-evaluated values calculated from (1) and (2).This
figure provides several key observations.

First, the stopping-set enumerators follow the category-P
behavior: the log-log plot is linear and the slope agrees with
the exponent valuesEP andES calculated above.

Second, protograph P greatly reduces the number of stop-
ping sets of odd size. For oddv, the log-log slope was
both analytically calculated and numerically evaluated tobe
one less for the protograph-P ensemble than for the standard
ensemble. For evenv, the protograph-P ensemble has the same
log-log slope but higher offset than the standard ensemble.
This leads to several questions: (1) is there some conservation
of stopping-set enumerators and (2) are there regions where
the effect of the offset will dominate over the effect of the
slope and vice versa?

Third, the linear behavior in the log-log domain predicted

TABLE I

BOUNDS FORAPPROXIMATIONVALIDITY FOR STOPPINGSETS OFSIZE v

IN THE PROTOGRAPH-P LDPC ENSEMBLE

v N0 v/N0

1 59 0.017
2 104 0.019
5 222 0.023

10 399 0.025
100 2986 0.034
500 12647 0.040

for category-P stopping sets seems to hold even for very small
codelengths,e.g., n ≈ 10v. Since thev/n ratio of 0.1 is signif-
icantly larger than theδmin values of 0.01-0.03 in [3], [4], this
suggests that category-P behavior may extend to stopping-set
sizes which grow faster than logarithmically with codelength.
Further, the smallest stopping set in an ensemble may fall
into the range where category-P behavior is applicable, which
would imply that investigations into category-E stopping sets
may not be the critical analysis. However, these are simply
conjectures based on a couple ensemble examples with small
v andn values. It is unclear whether this pattern will hold for
largerv andn values and for all ensembles.

Lastly, if we fix δ = v/n and trace the behavior asn grows,
we begin to see different trends in the plot [9]. There appears
to be an increase in the enumerators whenv = 0.1n and
a decrease whenv = 0.01n. This generally agrees with the
trends predicted for category-E stopping sets in [3], [4].

Applying the analysis of Section IV to protograph P pro-
vides an illustrative example of when the approximations of
Section III hold. Specifically, usinga = 0.25 and γ = 0.02,
we find the values of stopping-set sizev and codelengthn
for which the approximation is accurate within 2%. Applying
Theorem 4, we obtain values forN0 in Table I. This table
shows, for example, that for stopping sets of sizev = 5, the
stopping sets follow category-P behavior for all codelengths
n ≥ N0 = 222, i.e., for all ratiosv/n ≤ v/N0 = 0.023. Since
v/N0 increases monotonically withv, all stopping sets of size
v ≤ 0.023n follow category-P behavior for alln ≥ 222.

In the analysis of category-E stopping sets in [4], the largest
v/n ratio for a negative stopping-set enumerator exponent is
δmin = 0.023. Thus, according to this analysis, the stopping-
set sizes of interest are around0.023n. However, Table I shows
that for all n ≥ 222, these stopping sets actually fall under
category-P behavior.

This example has shown that category-P analysis is neces-
sary to more fully capture the ensemble enumerator behavior.

VI. PRECODING

Definition 1: Let P be a protograph withM variable nodes
and J check nodes. Toprecode [4] a variable nodevi for
somei ∈ {1, . . . , M}, first add a check nodecJ+1 which is
connected tovi via 2 edges. Then, add a variable nodevM+1

which is connected tocJ+1 via 1 edge. Finally, puncturevi.
The resulting protographP ′ hasM + 1 variable nodes (one
of which is punctured),J + 1 check nodes, andE + 3 edges.

The technique of precoding has been shown experimen-
tally and numerically to improve error-floor performance [4].



Divsalar has partially proven the benefits of precoding by
comparing stopping-set enumerator exponents [4]. However,
the partial proof is unable to show when and if precoding
improves error-floor performance of the ensemble as a whole.
We use sublinear-enumerator analysis here to gain additional
insight into precoding.

For a BEC with erasure probabilityǫ, the average block
error probability of an LDPC ensemble can be upper bounded
by EG[P IT

B (n, ǫ)] ≤ Pub
e =

∑n
v=1 ǫvs(n, v) where the bound

is tight in the error-floor region (see [9]). It can easily be
shown that for a code ensemble with punctured nodes, the
upper bound for a single term in the summation overv is

Pub
e,punc(v) =
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(13)

where v is the stopping-set size including punctured nodes
andveff is the number of variable nodes in the stopping set
excluding punctured nodes. When nodes are punctured, they
are automatically erased and hence, the channel only needs to
eraseveff variable nodes. If stopping sets of sizev follow
category-P behavior, thenPub

e,punc(v) can be approximated by
Pub′

e,punc(v) using Theorem 4:

Pub′

e,punc(v) =
∑

n∈Sp

ǫveff Zv−e+w∗

∏M
i=1 ni!1−dv,i

∏J
j=1

∑|β|−1
h=1 mh!

. (14)

Theorem 5:Consider a protographP whose variable node
vi is precoded to generate the protographP ′. Let VP and
VP ′ be the sets of stopping-set sizes which dominate the
performance of the ensemble based on protographP andP ′,
respectively, and letVU = {VP ∪ VP ′}. Assume that for all
v ∈ VU , stopping sets of sizev follow category-P behavior
for both protograph-based ensembles. LetZ be large enough
such that Theorem 4 holds andZ ≥ 1/ǫ. Then,

Pub
e,P ′ ≈

∑

v∈VU

Pub′

e,P ′ (v) ≤
∑

v∈VU

Pub′

e,P (v) ≈ Pub
e,P . (15)

Since the upper bound on error probability is tight in the
error-floor region, protographP ′ performs at least as well as
protographP in the error-floor region.

Proof: A sketch of the proof is provided here. (See [9]
for a full proof.) Begin with a finite stopping set from the
ensemble generated from protographP , with v variable nodes
connected tow∗ check nodes viae edges. Expand this stopping
set with variable nodes of type(M + 1) and check nodes of
type(J +1) to create a stopping set in the ensemble generated
by protographP ′. The expansion results in new stopping-set
characteristics denoted by the primed variables:

(v′ − e′ + w∗′

) = (v − e + w∗) − (npunc − nM+1/2) (16)

wherenpunc is the number of punctured variable nodes. By
upper bounding

∑

v∈VU
Pub′

e,P ′(v) and observing thatnM+1 ≤

2npunc in order for a stopping set to be formed, the result
in (15) can be obtained.

The requirement that the dominating stopping sets must
follow category-P behavior may not be restrictive. This is still
under investigation, but the example in Section V showed that
at least for the regular (3,6) LDPC ensembles analyzed, this
requirement is usually satisfied.

Theorem 5 shows that if the dominating stopping sets
follow category-P behavior, then precoding can only improve
the error-floor performance. Intuitively, precoding expands the
LDPC graph, while maintaining transmitted codelength, such
that more channel erasures are needed to generate decoder
failures; thus, in the error-floor region whereǫ is small, the
resulting increase in the exponent ofǫ is a dominating factor in
decreasing error probability. Section III showed that ensembles
with all variable-node degreesdv,i ≥ 3 have good error-floor
performance since(v − e + w∗) < 0 for all stopping sets.
However, current literature,e.g., [1], [6], indicates that variable
nodes of degree strictly less than 3 are useful in achieving good
threshold performance. The technique of precoding allows
one to include degree-1 variable nodes to improve threshold
performance without sacrificing error-floor performance; in
fact, error-floor performance may be improved simultaneously!

ACKNOWLEDGMENT

This work was supported in part by a NASA Graduate
Student Researchers Program Fellowship. The authors would
like to thank the Information Processing Group at the Jet
Propulsion Laboratory, California Institute of Technology,
Pasadena, CA, in particular, Jon Hamkins, Dariush Divsalar,
Sam Dolinar, Kenneth Andrews, and Christopher Jones, for
their guidance and advice.

REFERENCES

[1] T. J. Richardson, M. A. Shokrollahi, and R. L. Urbanke, “Design of
capacity-approaching irregular low-density parity-check codes,” IEEE
Trans. Information Theory, vol. 47, no. 2, pp. 619–637, Feb. 2001.

[2] C. Di, D. Proietti, I.E. Telatar, T.J. Richardson, and R.L. Urbanke,
“Finite-length analysis of low-density parity-check codes on the binary
erasure channel,”IEEE Trans. Information Theory, vol. 48, no. 6, pp.
1570–1579, June 2002.

[3] S. L. Fogal, R. McEliece, and J. Thorpe, “Enumerators forprotograph
ensembles of LDPC codes,” inProc. International Symposium on
Information Theory, Adelaide, Australia, Sept. 2005.

[4] D. Divsalar, “Ensemble weight enumerators for protograph LDPC
codes,” in Proc. International Symposium on Information Theory,
Seattle, WA, July 2006.

[5] J. Thorpe, “Low-density parity-check (LDPC) codes constructed from
protographs,”Interplanetary Network Progress Report 42-154, Aug. 15,
2003.

[6] D. Divsalar, S. Dolinar, and C. Jones, “Construction of protograph LDPC
codes with linear minimum distance,” inProc. International Symposium
on Information Theory, Seattle, WA, July 2006.

[7] T. Richardson and R. Urbanke, “The renaissance of Gallager’s low-
density parity-check codes,”IEEE Communications Mag., pp. 126–131,
Aug. 2003.

[8] T. Richardson and R. Urbanke,Modern coding theory, Cambridge
University Press, In preparation.

[9] K. Fu and A. Anastasopoulos, “Stopping-set enumerator
approximations for finite-length protograph LDPC codes,”
http://www.eecs.umich.edu/˜anastas/docs/
isit07_fa_extended.pdf , 2007.

[10] D. Divsalar and C. Jones, “Protograph LDPC codes with node degrees
at least 3,” inProc. Globecom Conf., San Francisco, CA, Nov. 2006.


