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Abstract— We analyze the performance of low-density gener-
ator matrix (LDGM) codes for lossy source coding. We first
develop a generic technique for deriving lower bounds on the
effective rate-distortion functions of binary linear codes. This
result provides a source coding analog of a classical resultdue to
Gallager for channel coding over the binary symmetric channel.
We illustrate this method for the ensemble of check-regularlow-
density generator matrix (LDGM) codes by deriving an explicit
lower bound on its rate-distortion performance as a function of
the check degree.

I. I NTRODUCTION

Classical random coding arguments show that random
binary linear codes will achieve the rate-distortion bound
for lossy compression of a symmetric Bernoulli source.
However, such codes are impractical, as it is neither
possible to represent them in an compact manner, nor to
perform encoding/decoding in an efficient way. It is thus
of considerable interest to explore and analyze the use of
sparse graphical codes for lossy compression problems. A
line of recent work [13], [18], [3], [16] has explored the use
of low-density generator matrix (LDGM) codes for lossy
compression. The results of this paper provide further insight
into the effective rate-distortion function of this class of
sparse graph codes.

Past work: One practical approach to lossy compression
is via trellis-code quantization (TCQ) [9]. One limitation
of trellis-based approaches is the fact that saturating rate-
distortion bounds requires increasing the trellis constraint
length [17], which incurs exponential complexity (even for
the max-product or sum-product message-passing algorithms).
Other work [14] shows that it is possible to approach the
binary rate-distortion bound using LDPC-like codes, albeit
with degrees that grow logarithmically with the blocklength.
A parallel line of work has studied the use of low-density
generator matrix (LDGM) codes, which correspond to the
duals of LDPC codes, for lossy compression problems [13],
[18], [3], [16]. Focusing on binary erasure quantization (a
special compression problem dual to binary erasure channel
coding), Martinian and Yedidia [13] proved that LDGM
codes combined with modified message-passing can saturate
the associated rate-distortion bound. Various researchers
have used techniques from statistical physics, including the
cavity method and replica methods, to provide non-rigorous
analyses of LDGM performance for lossy compression of
binary sources [2], [3], [16]. In the limit of zero-distortion, this

analysis has been made rigorous in a sequence of papers [5],
[15], [4], [6]. Moreover, our own recent work [11], [10]
provides rigorousupper boundson the effective rate-distortion
function of various classes of LDGM codes. In terms of
practical algorithms for lossy binary compression, researchers
have explored variants of the sum-product algorithm [16] or
survey propagation algorithms [2], [18] for quantizing binary
sources.

Our contributions: Previous analysis of LDGM rate-
distortion [11], [12] was based on the first and second-moment
methods from probabilistic combinatorics [1]. Whereas the
second moment provides a non-trivial upper bound on the
effective rate-distortion function, the first moment method
yields a well-known statement—namely, the Shannon bound,
which is far from sharp for these sparse graph codes. The
primary contribution of this paper is the development of a
technique for generatingsharper lower boundson the effective
rate-distortion function of sparse graph codes. Our approach
can be understood as a source coding analog of Gallager’s [7]
classical result on the effective capacity of bounded degree
LDPC codes for channel coding. We illustrate our approach
in application to the check-regular ensemble of LDGM codes,
establishing how its effective rate-distortion performance re-
mains bounded away from the Shannon limit for any finite
check degree.

Theorem 1. Let CCR be an LDGM code randomly drawn
from the check-regular ensemble with degreedc, and suppose
that source encoding/decoding are performed optimally. With
high probability, the LDGM codeCCR can only achieve those
rate-distortion pairs(R, D) that satisfy the bound

R

[
1 − exp(− (1 − D)dc

R
)

]
≥ 1 − H(D). (1)

For any finite degreedc, the minimal rateR satisfying the
relation (1) is strictly bounded away from the Shannon rate.

We note that the bound (1) is strictly tighter than the obvious
bound for allD > 0, based on counting isolated information
bits in the check-regular ensemble. However, we also know
that the bound is not sharp, and could be refined through more
careful analysis.

The remainder of this paper is organized as follows. Sec-
tion II contains basic background material and definitions for
source coding, factor graphs, and low-density generator matrix
codes. Section III is devoted to a number of basic results,



applicable to any binary linear code. Our analysis of the check-
regular ensemble of LDGM codes is given in Section IV.

II. BACKGROUND

A. Binary codes and source coding

In abstract terms, a binary linear codeC of block length
n consists of a linear subspace of{0, 1}n. One concrete
representation is as the range space of a given generator matrix
G ∈ {0, 1}n×m, as follows:

C = {x ∈ {0, 1}n | x = Gz for somez ∈ {0, 1}m } .(2)

The codeC consists of at most2m = 2nR codewords, where
R = m

n
is the code rate.

In the binary lossy source coding problem, the encoder
observes a symmetric Bernoulli source sequenceS ∈ {0, 1}n,
with each elementSi drawn in an independent and identically
distributed (i.i.d.) manner from a Bernoulli distributionwith
parameterp = 1

2 . The idea is to compress the source by
representing each source sequenceS by some codeword
x ∈ C. When using a code in generator matrix form, one
thinks of mapping each source sequence to some codeword
x ∈ C from a code containing2m = 2nR elements, say
indexed by the binary sequencesz ∈ {0, 1}m. The source
decoding mapx 7→ Ŝ(x) associates a source reconstruction
Ŝ(x) with each codewordx ∈ C. The quality of the
reconstruction can be measured in terms of the Hamming
distortiond(S, Ŝ) =

∑n

i=1 |Si − Ŝi| = ‖S − Ŝ‖1. With this
set-up, the source encoding problem is to find the codeword
with minimal distortion—namely, the optimal encoding
x̂ML : = argmin

x∈C

d(Ŝ(x), S). Classical rate-distortion theory

dictates that, for the binary symmetric source, the optimal
trade-off between the compression rateR and the best
achievable average distortionD = E[d(Ŝ, S)] is given by the
function R(D) = 1 − h(D), whereh is the binary entropy
function.

B. Factor graphs and LDGM codes

Given a binary linear codeC, specified by generator matrix
G, the code structure can be captured by a bipartite graph,
in which square nodes (�) represent the checks attached to
the code output bitsxi (or rows of G), and circular nodes
(◦) represent the information bits (or columns ofG). For
instance, Fig. 1 shows the factor graph for a rateR = 3

4 code
in generator matrix form, withn = 12 checks (each associated
with a unique source bit, top of diagram) connected to a total
of m = 9 information bits (bottom of diagram). The edges
in this graph correspond to1’s in generator matrix matrix,
and reveal the subset of bits to which each information bit
contributes. The degrees of the check (respectively) variable
nodes in the factor graph aredc = 3 anddv = 4 respectively,
so that the associated generator matrixG has3 ones in each
row, and4 ones in each column. When the generator matrix
is sparse, then the resulting code is known as a low-density
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Fig. 1. Factor graph representation of an LDGM code withn = 12 source
bits, m = 9 checks, and overall rateR = 3

4
.

generator matrix (LDGM) code. As an example, thecheck-
regular LDGM ensemblethat we analyze later is formed by
fixing a check degreedc, and having each of then checks
connect todc of the information bits uniformly at random
(with replacement).

III. B ASIC RESULTS

In this section, we develop a number of basic results,
applicable to any binary linear code, which underlie our
analysis of LDGM codes, to follow in Section IV.

A. Gallager-style bound

A classical approach to analyzing the performance of LDPC
codes for channel coding, originally due to Gallager [7],
is based decomposing the mutual information between the
channel input and output in two ways, and linking these terms
to the code rate and error probability. Here we develop an anal-
ogous approach for analyzing the rate-distortion performance
of binary linear codes.

Given the generator matrixG ∈ {0, 1}n×m of a binary
linear code, codewords inC are all of the formGz, where
z ∈ {0, 1}m is a sequence ofinformation bits. Given some
source sequenceS ∈ {0, 1}n of symmetric Bernoulli random
variables, suppose that we quantize the source using the code
C. We useŜ ∈ {0, 1}n to denote the codeword to which
the random sequenceS is quantized; for now, we leave the
precise nature of the encoder mappingS 7→ Ŝ unspecified.
We denote byẐ ∈ {0, 1}m a sequence chosen uniformly at
random from all information sequences that generateŜ via the
relation Ŝ = GẐ. Assume that this source encoder applied to
C achieves average distortionD, in that

1

n
E[‖S ⊕ Ŝ‖1] ≤ D,

where the expectationE is taken over the random source
sequence, as well as any possible randomness in the mapping
S 7→ Ŝ. Under this assumption, we have

Lemma 1. For any codeC with blocklengthn and rateR
with an encoder achieving average distortionD, the rate and
distortion are linked via the bound:

R ≥ 1 − H(D) +
1

n
H(Ẑ | S). (3)



Proof: The mutual information betweenS and Ŝ is given by
I(S; Ŝ) = H(S)−H(S | Ŝ). Observe thatH(S) = n sinceS
is an i.i.d. sequence of symmetric Bernoulli random variables.
Moreover, since the average distortion is upper bounded by
D, we haveH(S | Ŝ) ≤ nH(D). To see this, consider a fixed
encoder that mapss 7→ Ŝ with average distortionE||S⊕Ŝ|| =
nD. For each coordinate defineZi = Si ⊕ Ŝi and for these
Bernoulli random variables letDi = P(Zi = 1). We therefore
have

∑n

i=1 EZi =
∑n

i=1 Di = nD. We can now bound the
entropy

H(S | Ŝ) ≤
n∑

i=1

H(Si ⊕ Ŝi)

=

n∑

i=1

H(Di) = n

n∑

i=1

1

n
H(Di).

By exploiting the concavity of entropy and applying Jensen’s
inequality, we obtain that

∑n

i=1
1
n
H(Di) ≤ H( 1

n

∑n

i=1 Di) =

H(D), which shows thatH(S | Ŝ) ≤ nH(D). Consequently,
we have the lower bound

1

n
I(S; Ŝ) ≥ 1 − H(D). (4)

On the other hand, sincêS is a function ofẐ, the data pro-
cessing inequality implies thatI(S; Ŝ) ≤ I(S; Ẑ). Moreover,
we have

1

n
I(S; Ẑ) =

1

n
H(Ẑ) − 1

n
H(Ẑ | S)

≤ R − 1

n
H(Ẑ | S), (5)

since there are2m = 2nR different information sequences.
Combining the lower bound (4) with the upper bound (5)
yields the claim (3).
Remark: If we used the trivial lower bound1

n
H(Ẑ | S) ≥ 0,

then the bound (3) would reduce to the Shannon rate-distortion
bound. Indeed, this bound would be asymptotically tight fora
random linear code. For other codes, obtaining more refined
statements requires exploiting specific aspects of the code
structure.

B. Maximum likelihood andD-ball encoding

Given a codeC, the optimal encoder is the so-called
maximum likelihood (ML) encoder. Given a source sequence,
it computes the set of codewords closest in Hamming distance,
and outputs one of them uniformly at random, asŜML ∈
arg minx∈C{‖x ⊕ S‖1}. The associated minimal distortion is
a random variable, defined as

dn(S; C) : = min
x∈C

{
1

n
‖x ⊕ S‖1

}

=
1

n
‖ŜML ⊕ S‖1. (6)

This ML encoder is optimal in that its expected distortion
E[dn(S; C)] is minimized over all encoders.

Despite the optimality of ML encoding, it is more conve-
nient for theoretical purposes to analyze the followingD-ball

encoder. For any fixed target distortionD ∈ (0, 1
2 ), define the

Hamming ball of radiusD around the source sequenceS as
follows:

Bn(S; D) : = {x ∈ {0, 1}n | ‖S ⊕ x‖1 ≤ Dn} . (7)

We say that theD-ball encodersucceedsif and only if the
intersectionBn(S; D) ∩ C is non-empty, in which case it
chooses somêSDB uniformly at random from this intersection.
Otherwise, the encoder fails, and we setŜDB equal to some
codeword chosen uniformly at random from the codeC.

We now claim that theD-ball encoder is asymptotically
equivalent to the ML encoder.

Lemma 2. For any binary linear code, the following two
conditions are equivalent:

(a) for all ǫ > 0, the probability of success under(D + ǫ)-
ball encoding converges to one asn → +∞.

(b) for all δ > 0, we haveE[dn(S; C)] ≤ D + δ for all
suitably large blocklengthsn.

Proof: We first show that (a) implies (b). Given any fixed
δ > 0, set ǫ = δ/2 in part (a), and consider the associated
(D+ δ

2 )-ball encoder. Settingpn = P[(D + δ/2)-ball success],
we have

1

n
E[‖ŜDB ⊕ S‖1] ≤ (D +

δ

2
) pn + (1 − pn)

1

2

≤ D +
1

2
[1 − pn + pnδ]

≤ D + δ,

where the final inequality follows if we can ensure thatpn ≥
1−2δ
1−δ

. Sincepn → 1 by assumption, this condition can be met
by choosingn sufficiently large. Finally, since ML encoding
yields the minimal average distortion, we have

E[dn(S; C)] ≤ 1

n
E[‖ŜDB ⊕ S‖1] ≤ D + δ,

which is the claim (b).
We now prove that NOT (a) implies NOT (b). Suppose

that for some ǫ > 0, the encoding success probability
pn = P[(D + ǫ)-ball success] does not converge to1. Then
lim inf pn < 1, so that by taking subsequences if necessary,
we may assume that for all sufficiently largen, the failure
probability satisfies1 − pn ≥ ν for someν > 0. Since the
(D + ǫ)-ball encoder can fail only if there are no codewords
within normalized distance(D + ǫ) of the source sequence,
this statement impliesP [dn(S; C) > D + ǫ] ≥ ν.

Next, we claim that the ML distortiondn(S; C) is concen-
trated around its expected value. It is not hard to see that
changing one bitSi cannot changedn(S; C) by more than
1/n. Therefore, by applying the Azuma-Hoeffding inequal-
ity [8] to the martingale sequence formed by the c-Lipschitz
function dn(S; C) for c = 1/n yields the concentration:

P [|dn(S; C) − E[dn(S; C)]| ≥ ǫ] ≤ 2 exp

(
−nǫ2

2

)
. (8)

Therefore, for any constantǫ > 0, we have

lim
n→+∞

P [|dn(S; C) − E[dn(S; C)]| ≥ ǫ] = 0. (9)



Using this concentration (9), we see that the bound
P [dn(S; C) > D + ǫ] ≥ ν implies thatE[dn(S; C)] ≥ D + ǫ.
(Otherwise, the tail decay would be violated.) Hence, we
have established the existence of someǫ > 0 for which
there exists an infinite sequence of blocklengths for which
E[dn(S; C)] ≥ D + ǫ, thus implying NOT (b).

C. Bounding the conditional entropy of information bits

Recall from Lemma 1 that lower bounds on the rate-
distortion function can be obtained via lower bounds on
1
n
H(Ẑ | S). Since our analysis will involve bounding the

conditional entropy ofẐ, recall that we assume that after
choosing some sequencêS, the D-ball encoder then chooses
an information sequencêZ uniformly at random from all
information sequences satisfyingGẐ = Ŝ. We then have the
following

Lemma 3. Let U be a random variable inBn(0; D) dis-

tributed as U
d
= (S | Ŝ = 0, D-ball success). Then the

conditional entropyH(Ẑ | S) is lower bounded by

pn EU [log |{z′ ∈ {0, 1}m | Gz′ ∈ Bn(U ; D)}|] , (10)

wherepn : = P[D-ball success].

Proof: By definition, we have

H(Ẑ | S) : = ES

[
∑

z

P(z | S) log
1

P(z | S)

]
,

where P(z | S) denotes the conditional distribution over
information sequenceŝZ that the encoder can output for a
given source sequenceS. First, we claim that by definition
of our encoding rule, whenD-ball encoding succeeds, the
conditional distributionP(z | S) is uniform over the set of
all information sequencesz such thatGz ∈ Bn(s; D). By
definition, our encoder chooses uniformly from the set of
codewordsŝ ∈ Bn(s; D). To ensure that this uniformity is
preserved over the information sequences as well, we simply
need to verify that each codeword̂s is generated by the same
number—sayk—of information sequences. Suppose that we
have

0 = G~0 = Gz2 = . . . = Gzk,

where(z2, . . . , zk) are(k − 1) distinct and non-zero informa-
tion sequences. Let̂s be any non-zero codeword, say withŝ =
Gz0 for some non-zero information sequencez0 ∈ {0, 1}m.
Then the information sequences(z0, z2 ⊕ z0, . . . , zk ⊕ z0)
constitutek distinct generators of̂s.

As a consequence of this uniformity, for each source se-
quences such thatD-ball encoding succeeds, we have

log
1

P(z | s)
= log |{z′ ∈ {0, 1}m | Gz′ ∈ Bn(s; D)}| .

The structure of a binary linear code is invariant to translations
by codewords. Accordingly, we may translate the center of the

ball by the codewordGz, thus yielding thatlog 1
P(z|s) is equal

to
log |{z′ ∈ {0, 1}m | Gz′ ∈ Bn(s ⊕ Gz; D)}| .

Taking averages over thez, we have that
∑

z P(z | s) log 1
P(z|s)

is lower bounded by
∑

z

P(z | s) log |{z′ ∈ {0, 1}m | Gz′ ∈ Bn(s ⊕ Gz; D)}|

≥
∑

bs

P(ŝ | s) log |{z′ ∈ {0, 1}m | Gz′ ∈ Bn(s ⊕ ŝ; D)}|

= EbS

[
log

∣∣∣{z′ ∈ {0, 1}m | Gz′ ∈ Bn(s ⊕ Ŝ; D)}
∣∣∣ | S = s

]
.

Finally, conditioning on the event ofD-ball success and taking
conditional expectations overS, we have

H(Ẑ | S) = ES

[
∑

z

P(z | S) log
1

P(z | S)

]
,

which is in turn lower bounded by

pnE
S, bS

[
log

∣∣∣{z′ ∈ {0, 1}m | Gz′ ∈ Bn(S ⊕ Ŝ; D)}
∣∣∣
]
,

where this final expectation is conditioned on the success
of the D-ball encoder. To complete the proof, we note that
by linearity of the code, for any codeword̂S, the cardi-
nality

∣∣∣{z′ ∈ {0, 1}m | Gz′ ∈ Bn(S ⊕ Ŝ; D)}
∣∣∣ is equal to

|{z′ ∈ {0, 1}m | Gz′ ∈ Bn(S; D)}|, so that the conditional
expectation over(S, Ŝ) can be rewritten as a single expectation
over U as defined in the lemma statement.

Remark: A challenge associated with the analysis of the lower
bound (10) concerns the distribution of the random variableU .
In general, it is not simply uniform overBn(0; D), since the
probability of different source sequencesS = s given thatŜ =
0 varies depending on how many other codewords belong to
the ballBn(s; D). As a particular example, for the trivial code
C = {00, 11} of blocklengthn = 2 and Dn = 1, we have
P(S = 00 |Ŝ = 00, D-ball success) = 1

2 , andP(S = 01 |Ŝ =

00, D-ball success) and P(S = 10 |Ŝ = 00, D-ball success)
both equal to1

4 .

IV. L OWER BOUNDS FORLDGM CODES

With these basic results, we now turn to lower bounding the
rate-distortion functions of LDGM code ensembles.

A. Graph-based certificate

Our goal is to provide a concrete graph-based condition that
allows us to lower bound the quantity

A(U ; C) : = log |{z′ ∈ {0, 1}m | Gz′ ∈ Bn(U ; D)}| . (11)

Note thatA(U ; C) is a random variable, even when the code
C is fixed. In order to analyze this quantity, it is convenient
to develop a further lower bound.

For anyU ∈ Bn(0; D), we letSfix(U) be any collection of
(1−D)n check bits for whichUi = 0. Note that the inclusion
U ∈ Bn(0; D) guarantees the existence of at least one such
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Fig. 2. Tanner Graph of an LDGM code illustrating the fixed checks Sfix,
information bit neighborsN(Sfix) of fixed checks, and the free information
bits Tfree.

subset; otherwise, we simply chooseSfix(U) uniformly at
random from all possible subsets. Associated withSfix(U) is
a subset of the information bits, namely

T
free(U ; C) : = {j ∈ {1, . . . , m} | j /∈ N(Sfix(U))}, (12)

where for any subsetA ⊆ {1, . . . , n}, we useN(A) to denote
the information bit neighborhood of the variables inA. See
Figure 2 for an illustration of these concepts.

The key observation is the following: any information bit
zi ∈ Tfree(U ; C) is effectively free, since we may alter it
arbitrarily while still ensuring thatGz ∈ Bn(U ; D). Therefore,
for all codes andU ∈ Bn(0; D), we have the lower bound
A(U ; C) ≥

∣∣{Tfree(U ; C)}
∣∣. Hence, applying Lemma 3, we

can lower bound the conditional entropy as

1

pn

H(Ẑ | S) ≥ EU

[∣∣{T
free(U ; C)}

∣∣] =: W (C), (13)

wherepn = P[D-ball success]. In the regime of interest, we
have pn → 1, so that we focus on analyzing the quantity
W (C).

B. Analysis over random ensembles

For any fixed codeC, the quantityW (C) is deterministic
and it provides acertificate of the excess rate incurred by
using the given code. For a fixed code, however, it is non-
trivial to compute the expectation overU defining W (C) in
equation (13), since the distribution ofU is controlled by the
code structure in a non-trivial manner. However, performing
the analysis over a random ensemble of LDGM codes allows
us to circumvent this problem. Accordingly, our method con-
sists of the following steps:

(a) For a given code ensembleC, we consider therandom
variableW (C), whereC ∼ C is a randomly drawn code,
and show that the expectation over the code ensemble
EC[W (C)] scales linearly in blocklength.

(b) Next we show that the random variableW (C) is con-
centrated around its mean, and use this to establish a
lower bound on the random variableW (C) that holds
with probability one as the blocklength increases.

Due to space constraints, here we limit our explicit illustration
of this approach to the check-regular ensemble.

C. The check-regular ensemble

Recall the check-regular ensemble of LDGM codes, denoted
by CCR. consists of codes withn checks andm information
bits, constructed by having each check selectdc bits uniformly
at random (and with repetition). The expected number of
free bits over the check-regular code ensemble can be easily
computed, since the randomization over codes has a sym-
metrization effect. As a consequence, we may assume without
loss of generality that the first(1 − D)n elements of then
checks are fixed.

Lemma 4. The expectation ofW (CCR) over the check-
regular ensemble is grows linearly in blocklength:

E[W (CCR)] = m

(
1 − 1

m

)(1−D)ndc

. (14)

Further, with probability converging to one, the random vari-
able W (CCR) does not deviate from its expectation by more
than c

√
m lnm for a suitable constantc, in the sense that

P[|W (CCR) − EW (CCR)| ≥ c
√

m lnm] ≤ 2

m
. (15)

Proof: The probability that a particular bit is free (i.e. non-
adjacent toSfix(U)) is simply

pi =

(
1 − 1

m

)(1−D)ndc

, (16)

since it is not adjacent to a particular check with probability
(m−1

m
)dc and that happens for all the(1 − D)R fixed checks

independently. Therefore, the expected size ofTfree is simply
EW (CCR) = mpi. Observe that

lim
m→∞

pi = exp(− (1 − D)dc

R
), (17)

a standard Poisson limit.
Now we need to show that the random variableW (CCR)

is concentrated around its mean. Using a Chernoff bound [8],
for any δ ∈ [0, 1),

P [|W (CCR) − EW (CCR)| ≥ δEW (CCR)]

≤ 2 exp

(
−δ2EW (CCR)

3

)
.

Using EW (CCR) = mpi and by settingδ = c
√

ln m
m

, c =√
3/pi, we find

P[|W (CCR) − EW (CCR)| ≥ c
√

m lnm] ≤ 2

m
. (18)

To conclude, we define the critical rate-loss exponent for
the check regular ensemble:

γCR(m) = (exp[− (1 − D)dc

R
] − ǫ1

m
)(1 − 2

m
). (19)

We therefore obtain the following bound on rate-distortionfor
any blocklengthm

R [1 − γCR(m)] ≥ (1 − H(D)). (20)
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Fig. 3. (a) (a) Plots of lower bound (21) on the effective rate-distortion function of the check-regular LDGM ensemble for degreesdc = 2 anddc = 4, as
compared to the Shannon limit. (b) Convergence to the Shannon limit as the degree is increased.

Taking limits asm → +∞, we havelimm→∞ γCR(m) =

exp(− (1−D)dc

R
). Overall, we conclude that with high proba-

bility, a code drawn randomly from the check-regular LDGM
ensemble with degreedc can only obtain rate-distortion pairs
(R, D) that satisfy

R

[
1 − exp(− (1 − D)dc

R
)

]
≥ 1 − H(D). (21)

V. D ISCUSSION

We developed a technique for generating lower bounds on
the effective rate-distortion function of sparse graph codes that
can be understood as a source coding analog to Gallager’s [7]
classical work on the effective channel capacity of bounded
degree codes. We illustrated this approach by lower bound-
ing the effective rate-distortion function of the check-regular
ensemble of LDGM codes. It remains to apply our approach
to other sparse code ensembles, such as LDGM families with
prescribed bit and check degree distributions. In addition, our
current results only guarantee that a randomly generated code
will with high probability have distortion above our bound,
but do not provide this guarantee for every code.
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