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Abstract—In many applications, an uncompressed source
stream is systematically encoded by a channel code (which ignores
the source redundancy) for transmission over a discrete memo-
ryless channel. The decoder knows the channel and the code but
does not know the source statistics. This paper proposes several
universal channel decoders that take advantage of the source
redundancy without requiring prior knowledge of its statistics.

Index Terms—Belief propagation, channel decoding, denoising,
discrete memoryless channels, joint source–channel decoding, loss-
less compression, soft decoding, universal algorithms.

I. INTRODUCTION

ONE of the central problems formulated by Claude
Shannon [1] is the reliable transmission of a redundant

information source through a noisy communication channel.
Shannon [1] established that if the source and channel have
no memory, in the limit of long block length, encoding can
be accomplished without loss of efficiency by removal of
the redundancy in the source with a (channel-independent)
data compressor followed by the addition of redundancy by
a (source-independent) channel encoder. At the receiver, a
channel decoder recovers the compressed data and feeds it to
a source decompressor that finally recovers the transmitted
data. A cornerstone of information theory, the source/channel
separation principle has been shown to hold in wide generality
for stationary sources and channels [2]. When the separation
principle holds, the maximum rate of source symbols per
channel use is equal to the ratio of channel capacity divided by
the source entropy. Analogously, the separation principle also
holds in wide generality when the source is to be reconstructed
only within some desired distortion , in which case the
fundamental limit is the ratio of channel capacity divided by
the source rate–distortion function evaluated at .

Because of various considerations (such as legacy, layered de-
sign, and the difficulty in adapting universal data compressors
to short-packet transmission systems), certain existing applica-
tions (including third-generation wireless data transmission sys-
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tems) do not compress the redundant data prior to channel en-
coding. In other applications, such as the Global System for Mo-
bile Communications (GSM) second-generation cellular wire-
less system, the vocoder leaves some residual redundancy prior
to channel encoding [3]. In those cases, the signal sent through
the channel incorporates redundancy due to its channel encoder
and the data itself. The receiver may choose to ignore the re-
dundancy due to the source and simply decode the data with
a channel decoder. However, by exploiting the residual source
redundancy at the receiver it is possible to achieve reliable com-
munication for noisier channels than the code was designed to
handle. For example, in a wireless system that transmits uncom-
pressed data, it is possible to lower the minimum signal-to-noise
ratio required for reliable communication by exploiting the re-
dundancy in the data. Another application is in Internet con-
tent distribution to receivers facing channels with a priori un-
known erasure rates. The fountain codes [4], [5] are rateless
codes whose decoding time depends on the channel erasure rate.
By exploiting any source redundancy it is possible to further re-
duce the decoding time.

The idea of exploiting source redundancy in decoding goes
back to Shannon [1], and one of its first practical embodiments is
[3]. The approach in [3], and a number of related works [6]–[14],
is to replace the maximum likelihood channel decoder by a max-
imum a posteriori probability (MAP) decoder (or an approx-
imation thereof) that incorporates the statistics of the source
fed to the channel encoder. Soft-channel decoders provide re-
liability information, i. e. (estimates of) the posterior marginals
of the data, and are typically amenable to incorporate a priori
probabilities of the data sequences. Notable examples are the
backward–forward dynamic programming (or Bahl–Cocke–Je-
linek–Raviv; BCJR) algorithm [15], turbo decoding [16], and
belief propagation decoding [17]. If the source is Markovian,
then it is possible to take into account its structure at the decoder
by augmenting the factor graph of the code (e.g., [18]). This ap-
proach faces two serious practical shortcomings: a) the decoding
complexity grows exponentially with the source memory and b)
knowledge of the statistics of the source is required at the de-
coder. These shortcomings, which are particularly detrimental
in many applications, are not present, at least in principle, when
the system is designed following the separation principle as
linear-time source encoders/decoders (such as the Lempel–Ziv
class of algorithms) are available that are universal (do not re-
quire knowledge of the source statistics either at encoder or de-
coder), and optimal (achieve the entropy rate of the source if it is
stationary ergodic, as well as other stronger individual-sequence
optimality properties) [19].

0018-9448/$25.00 © 2008 IEEE
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Recently, [20], [21] proposed decoders that use a Krichevsky–
Trofimov estimate of a biased coin in order to take advantage of
the unknown bias of the independent and identically distributed
(i.i.d.) uncompressed encoded data. For general sources with
memory, the first universal approach to harness both the re-
dundancy in the channel code and the redundancy in the data
without prior knowledge of the statistical structure of the data
was introduced in the conference version of the present paper
[22]. Another approach for sources with memory, employing
the Burrows–Wheeler transform and segmentation of the trans-
formed data into piecewise-stationary memoryless sources (see
also [23]), was subsequently considered in [24]. Reference [25]
proposes the design of nonsystematic turbo codes with a special
property (quick look-in) that allows universal exploitation of
the source redundancy at the receiver.

In this paper, we propose a new approach to decoding of
channel-encoded noisy uncompressed (or partially compressed)
discrete sources that requires no prior knowledge of the statis-
tical structure of the data. To motivate our general approach,
consider the simple special case of the setting in which no
channel code is used prior to transmission. In this case, the
source is connected directly to the channel, and the task of the
decoder is to “denoise” the output knowing the channel but
without prior knowledge of the source. This is the problem
of discrete universal denoising considered in [26], which
proposed a linear-time universal algorithm, called the
(Discrete Universal DEnoiser), that suffers no asymptotic
penalty for universality provided that the source is stationary
and the discrete memoryless channel has a full-rank transition
probability matrix. Since the source is not protected against
the channel noise, even an optimum nonuniversal algorithm
that knows the source distribution is able to accomplish only
partial denoising of the source. This setup has been applied to
various practical problems [27]–[29] and extended in several
directions: nondiscrete channel output alphabets [30], unknown
channel belonging to an uncertainty class [31], and channels
with memory [32], [33]. The algorithm consists of the
following stages.

1) Empirical conditional distributions of each channel output
symbol, given a context of neighboring previous and suc-
ceeding symbols, are computed.

2) Using the memoryless and full-rank properties of the
discrete memoryless channel (DMC), the corresponding
conditional distributions of each clean source symbol
given the corresponding noisy context and noisy symbol
are estimated.

3) Using a distortion function, and the conditional distribu-
tions computed in Step 2, a denoising table is computed
which gives the denoised symbol as a function of the noisy
symbol and its context.

4) The denoising table is applied to the string of channel out-
puts, to obtain the denoised output string.

Following up on [26], alternative algorithms to carry out
Step 1 have been reported in [34], [35]. The conditional mar-
ginal distributions of the source given the noisy channel outputs

Fig. 1. Combined action of denoising and error correction.

obtained in Step 2 can be considered “soft” information and
will play a role in our development. In the sequel, we will refer
to the algorithm (Steps 1 and 2) that produces such information
as . Notice that is, in fact, a simplification of

, since it outputs intermediate information and does not
carry out Steps 3 and 4 above. Unlike previous works on dis-
crete universal denoising, in this paper we modify the
to incorporate a priori beliefs of the source symbols. We refer
to this “soft-in, soft-out” scheme as the algorithm.

Returning to the original setup, where the source is not con-
nected directly to the channel but is channel encoded, let us as-
sume that the channel code is systematic, as is often the case
in applications. A natural way to harness the redundancy of
both the channel code and the source redundancy is to feed
the channel decoder (in addition to the noisy parity-check sym-
bols) not the noisy systematic information symbols but their
cleaned-up version as output by the . The rationale is
that if the is indeed eliminating some of the noise in-
troduced by the channel, then replacing the noisy systematic
symbols by their cleaned-up versions results in a block of sym-
bols that should be closer to the transmitted codeword than the
received block of channel outputs. The approach is illustrated
in Fig. 1, which shows the decoding regions (spheres) of the
channel code, centered at the codewords; is a noisy channel
output block, is the corresponding block after the systematic
information part has been cleaned-up by the , and is the
codeword output by the channel decoder on input . The figure
depicts how the “brings in” noisy blocks that would oth-
erwise have been missed by the channel decoder.

In this paper we propose five approaches1 achieving various
performance/complexity tradeoffs:

A. The basic combined scheme outlined above will be re-
ferred to as Approach A.

B. Approach B is similar to Approach A except that we use
instead of and we now require that the

channel decoder have the ability to incorporate soft in-
formation about the marginal distribution of the inputs.
For example, belief propagation decoding satisfies this
requirement.

1The ISIT 2004 presentation of portions of this work included a sixth ap-
proach, Approach D, which was later found to be dominated in performance by
some of the other approaches and hence is omitted here. A full description of
Approach D can be found in [36].
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C. If the channel decoder not only accepts soft input informa-
tion but also generates it (e.g., belief propagation), then it
can be used in the iterative Approach C, where the first it-
eration proceeds as in Approach B, and then the soft output
produced by the channel decoder is fed to the that
incorporates soft information about the transmitted source.
A dialog between the modules that exploit the channel
code and source redundancies, respectively, is established
which is very much in the spirit of the turbo principle [37].
This approach uses the channel parameters and the empir-
ical joint distribution of noisy symbols, to obtain estimates
of the joint distribution of short windows of clean symbols,
and these estimates are retained unchanged over multiple
iterations of and the decoder.

E. Approach E is also an iterative approach where the first
iteration proceeds as in Approach B. From then on, the
context-dependent counts in the hard-decision block de-
coded in the last iteration are used directly as the marginal
distribution of each source symbol. As will be explained
in detail in the sequel, it can also be interpreted as a sim-
plification of Approach F below.

F. Approach F is a modification of Approach C where the
joint distribution estimates are replaced in every iteration
by the empirical joint distribution of short windows of
symbols in the hard-decision decoded signal of the pre-
vious iteration. Approach E above can be interpreted as
restricting a certain summation (marginalization) in Ap-
proach F to a single maximally weighted term.

Section II reviews the fundamentals of discrete universal
denoising and presents a formal description of the and

. A description of is deferred to Section V.
Sections III–V describe, respectively, Approaches A–F, and
present the results of several experiments with real data, using
different codes and channel regimes. The channel parameters,
codes, and code rates are chosen to illustrate the effectiveness and
wide applicability of the proposed approaches, and to compare
their relative performance. The results show that the various
denoising/decoding combined schemes yield significant im-
provements in the residual error rates of the reconstructed data,
compared to either denoising alone, or traditional error-correc-
tion decoding alone. Also, as expected, combined schemes that
exploit soft information do significantly better than schemes that
do not. Section VI compares the universal Approaches A–F to
somenaturalnonuniversalcounterparts in theenhanceddecoding
of first-order Markov binary sources. Although the emphasis in
this paper is on universally enhancing the decoding of existing
practical families of uncompressed channel encoding schemes,
the use of synthetic sources with well-characterized entropy rates
also allows us to present in Section VI some relevant fundamental
performance bounds on unrestricted, possibly source dependent,
encoders and decoders, both with and without compression.

II. DISCRETE UNIVERSAL DENOISING

We denote by and , respectively, the sequences
and . For a vector , we use the

notation to denote the th entry of when subscripts would
result in excessively cumbersome notation.

Let be a finite alphabet of cardinality , taking,
without loss of generality, . We as-
sume a given DMC, whose transition probability matrix

is known. denotes the proba-
bility of the channel producing the output symbol when the
input is . Furthermore, we assume that the matrix

is nonsingular.2 We also assume a given loss function (fi-
delity criterion) , represented by a matrix

, where denotes the loss incurred
by estimating the symbol with the symbol . An example of
such a loss function is the Hamming metric, i.e.,
when , and otherwise. The examples in this
paper will use the Hamming metric, although the framework
applies to arbitrary cost functions.

Assume a (clean) sequence is transmitted over
the channel, and a (noisy) sequence is received. An

-block discrete denoiser is a function which,
on input , produces a (denoised) sequence . We
let denote the normalized cumulative loss, as mea-
sured by , of the denoiser when the observed sequence is

and the underlying clean sequence is , i.e.,

When is the Hamming metric, measures the
symbol error rate at the output of the denoiser.

We now describe the specific denoiser defined in [26],
namely, the . Let denote a nonnegative integer, which
will parametrize the denoiser. We assume that . For each
sequence , and pair of strings , let
be an -dimensional (column) vector of integers whose com-
ponents are defined as follows: for ,

(1)

The vector is thus a histogram of the symbols in
occurring with a left ( th-order) context equal to and a

right context equal to . Let and denote the th columns
of and , respectively, let denote the transpose of a matrix

, and for a nonsingular matrix . The th
order , denoted , is defined as

(2)

for , where denotes the component-wise or
Schur product between vectors. The values output for

and are inconsequential to the asymptotic
properties of the denoiser and can be set arbitrarily (e.g., for
concreteness, equated to the corresponding locations in ). We
refer to as the th order response to .

After proper normalization, the vector in
(2) can be seen as an empirical estimate of the conditional distri-

2For simplicity, we assume that the output alphabet of the channel is the same
as the input alphabet. The is defined in [26] more generally for channel
transition matrices��� of dimensions��� ,� �� , which are required to
be of full row rank. All the schemes and results of this paper carry over naturally
to the nonsquare case.
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bution, , of a noisy sample given a two-sided
noisy context. The vector

(3)

in turn, can be interpreted, after normalization, as an estimate
of the posterior distribution of the corresponding clean sample

given the same noisy context and . Letting
denote this estimated conditional distribution, the expression
(2) corresponds to a MAP estimate of with respect to

. As evident in (2), this estimation is at the heart
of the , and is produced as an intermediate result by the
denoiser.

Example: Consider a binary symmetric channel (BSC) with
crossover probability , , and the Hamming cost
function. In this case, we have

and

For simplicity, let . Substituting the
values of and into (2) yields, following simple algebraic
manipulations,

otherwise
(4)

where denotes the binary complement of . In words, for
each bit in the noisy sequence, the counts how many
bits occurring within the same double-sided context are equal
to . If the ratio of the number of such occurrences to those of
the value is below the threshold ,
then is deemed to be an error introduced by the BSC, and is
flipped. The corresponding estimate of the posterior distribution
of given the noisy context and is given, using simplified
notation, by

(5)

and

(6)

where , is an appropriate normalization constant,
and we slightly abuse notation and interpret binary symbols
as -valued integers.

It is shown in [26] that if is the output of a DMC with
transition probability matrix and input then the normal-
ized loss of the th-order response using a context pa-
rameter that increases sufficiently slowly with , converges,
with probability , to that incurred by the best stationary sliding-
window denoiser, with window size , optimized with
full knowledge of and . The latter is equivalent to a genie-
aided denoiser for which the estimate relied upon
in (2) is replaced with the corresponding posterior derived from
the empirical joint distribution of blocks in the pair

and . This establishes the universality of the in
a so-called semi-stochastic setting, where is a given indi-
vidual sequence, and all the randomness in the problem resides
in the channel. Furthermore, in a fully stochastic setting, the
semi-stochastic results are leveraged in [26] to show that if the
channel input is a stationary process, the normalized loss of
the response converges, with probability one, to the nor-
malized loss of the optimal Bayes response, corresponding to
the MAP estimation in (2) but with respect to the actual source
and channel distributions.

The algorithm can be generalized [27], [28], [34],
[35] from the foregoing one-dimensional signal and context
setting to operate on multidimensional signals, such as images,
with taking values in a general index set, and the values of
an arbitrary finite group of symbols neighboring , denoted
by , replacing as the context. For example,
given a two-dimensionally indexed signal , the con-
text corresponding to a symbol with index might be

. The generalization in-
cludes also one-dimensional schemes with asymmetric contexts
of the form in which and are not necessarily
equal. We will denote by the overall size (number of
neighboring samples) in , not including the center sample .
In the one-dimensional symmetric case, for instance, we have

.
The generalized operates according to (2) with

redefined for each context value as

The interpretation of the corresponding version of (3), after
normalization, as an estimate of the posterior distribution of

given and the noisy generalized context , applies as
well. Analogous optimality results hold for the generalized

with respect to corresponding context-based genie-aided
denoisers in semi-stochastic and fully-stochastic settings. Simi-
larly, the decision rule (2) holds for generalized contexts, and, in
particular, in the simplified rule (4) for the binary case, we will
denote the counters of symbols in context as .

The algorithm is a soft-output version of the
which outputs, for each , an estimate of the conditional proba-
bility of given the noisy symbols . These probabilities
can then serve as inputs to soft-input channel decoders, as will
be the case in the sequel. In such applications, it would not
be ideal for the to directly output ,
as obtained by normalizing (3), since this vector may have
negative components, as potentially introduced by the term

. While the operation is still
well defined in such cases, negative (or even zero) estimates
for probabilities can pose serious problems for downstream
soft-input channel decoding. In the binary case, for example, a
zero conditional probability of a symbol being may force a
soft-input decoder to output for that symbol, irrespective of
any additional information from the channel code redundancy.
To avoid these difficulties, the th output of is set to

(7)
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Fig. 2. Approach A.

where is a smoothing function that outputs a vector that is
close to its input after normalization and has sufficiently positive
components. There are many potentially good choices for .
In this paper, we focus on soft decoding of binary sources and
channels, and for the corresponding two-dimensional input and
output vectors, the following (sum preserving) choice for was
found to give good results:

if
if and
if

(8)

Note that the sum of the components of
is equal to the sum of the components of ,
which is the total number of occurrences of the context

. Thus, , as defined in (8), ensures that
each symbol value has an estimated “clean” symbol count of at
least , per context. Other values for this minimum count could
be used, but a value of was found to work well.

For ease of exposition, in the sequel, the various -en-
hanced decoders are described in a one-dimensional setting
and the term refers to a denoiser that operates according
to (2), for each , while is a modification that outputs
(7), with as in (8). Though not explicitly presented, the

-enhanced decoders generalize easily to multidimen-
sional settings, with the and steps replaced by
their appropriate multidimensional generalizations, along the
lines described above. We note that some of the experimental
results on binary images presented in the sequel are based on
such generalizations.

Choice of context size: It follows from the results of [26]
that a choice of , with increasing slowly enough with

, or the corresponding choice of overall context size in the case
of the generalized schemes, guarantees asymptotic con-
vergence of the to optimal denoising performance. The
sufficient condition found in [26] still leaves a very broad range
of choices of context size; various heuristics for choosing a good
context size for the have proven very effective in prac-
tice. These heuristics are based on using an observable param-
eter as a proxy for the denoising performance, and optimizing
the context size based on the proxy. A heuristic described in
[26] suggests using the compressibility of the denoised sequence
(using a universal compressor), and is based on the empirical ob-
servation that when the sequence is denoised with the optimal
value of the context size, the denoised sequence exhibits a local
minimum in compression ratio. This heuristic has proven effec-
tive, in practice, in finding the best values of the context size for

a wide range of practical data sets, and was adopted also for the
empirical examples described later in this paper. More princi-
pled techniques, based on an unbiased estimator of the
loss, are described in [34].

III. APPROACH A: -ENHANCED DECODING

A. The Combined Scheme

Our first approach is illustrated in Fig. 2. The error-correcting
code is a systematic code of block length whose symbols be-
long to a discrete finite alphabet . The sequences
and denote the noiseless systematic information
and parity-check symbols, respectively. The sequence
consists of the corresponding noisy symbols obtained when
is transmitted over a discrete memoryless channel. The
module takes as input and outputs the block of symbols

, which is the denoised version of . The channel de-
coder takes as input, and outputs the decoded block

, which is the system’s reconstruction of the noiseless infor-
mation symbols. To improve denoising efficiency, the
module can use statistics from multiple code blocks to derive
the denoising table for . All of the experiments in the sequel
employ this technique, in which all code blocks corresponding
to a data set are used to build statistics. In practice, the accumu-
lation of statistics can be limited to occur in a causal or limited
delay fashion across previously observed code blocks. Various
fading-memory and periodic reset strategies can be employed
to fine-tune this mechanism. In addition, further fine-tuning of
denoiser parameters, such as context size and assumed channel
parameters, can be achieved by monitoring the end-to-end per-
formance of the denoiser/decoder system as reflected in infor-
mation provided by the decoder, such as current rate of nonzero
block syndromes, or rate of block decoding failures. The param-
eters of the denoiser could be dynamically adjusted, seeking to
decrease these rates.

Throughout this paper, the criterion for assessing the per-
formance of the proposed schemes, including Approach A, is
symbol (bit) error rate. Targeting block error rate instead might
impact the choice of the constituent channel codes and channel
decoders in the various approaches, but would not change the
role or operation of the . The latter would continue to
target the reduction of symbol error rate in the systematic por-
tion of the received codeword, thereby reducing the effective
noise handled by the channel decoder, which, in turn, could
target block error rate.

The baseline denoising/channel decoding scheme of this
section was tested on various data sets, under different noise
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Fig. 3. Half-toned binary image (Data Set 1).

regimes. The results, showing the effectiveness of the scheme,
are presented in Sections III-C and III-D. First, we describe the
data sets, which are used throughout the remainder of the paper.

B. Test Data Sets

Three test data sets are used in the examples given in this
and subsequent sections of the paper. They are briefly described
below, together with the settings used to denoise their
BSC-corrupted versions.

Data Set 1: (Fig. 3). A binary (B/W) half-toned
rendering of a continuous-tone grayscale picture. A one-dimen-
sional scheme with contexts of overall size of
and was used to denoise this image, with the smaller
context sizes used at the higher noise levels.

Data Set 2: (Fig. 4). The first page of a scanned version of
[1]. The dimensions of this B/W image are . This
image is best denoised with a two-dimensional scheme,
where the context of a bit is given by a collection of

bits that correspond to the pixels neighboring location .
All experiments were run with the context size so that

.
Notice that although both of the above data sets represent

binary images, their fine structures are very different. As noted
in [26] and in [27], although effective denoisers for scanned
B/W images were known before [26], none of the previously
known schemes was effective for half-toned images such as that
of Fig. 3.

Fig. 4. Scanned binary image (Data Set 2).

Data Set 3: A large text file containing HTML language code,
downloaded from one of the popular web portals serving web-
enabled wireless devices [38]. The file size is approximately 140
Mbits. Since the file contents consists mostly of printable text,
it would be natural to regard it as a string over an alphabet of
8-bit symbols ( ), and apply a DUDE scheme over
the same alphabet, rather than a binary one. However, our ex-
periments on this file showed that binary schemes were
as effective in denoising it as schemes defined over the larger
alphabet. At lower noise levels ( ), a plain binary
denoiser that ignores the character structure suffices. The pre-
ferred context size in this regime was . At higher noise
levels, a “character-aware” binary scheme provided the best per-
formance. This scheme uses a different statistical model for each
bit position in a character, and asymmetric context patterns with
the right-side context always aligned to a character boundary.
The best context sizes in this regime varied from to

, with decreasing toward the highest noise levels
tested. The decrease in optimal context size as the noise level
increases is well predicted by the theoretical analysis of [26],
which exhibits a model cost term that increases exponentially in

, with coefficients that increase with .
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TABLE I
RESULTS FOR APPROACH A WITH A ����� ���� RS CODE OVER GF �����

Fig. 5. Plot of output BER versus channel BER for Approach A on test Data Sets 1–3.

C. Experimental Results: The High Noise Regime

Table I presents results of experiments with a scheme com-
bining with a Reed–Solomon (RS) code over
GF [39]. The data sets were parsed into 8-bit symbols (in
the case of the binary images, after raster-scanning and packing
binary pixels into octets) and 155-symbol blocks, and each
block was encoded with a standard RS encoder. The encoded
data was fed into a BSC, and the channel output was processed
according to the scheme of Fig. 2, using a binary and a
standard RS decoder matching the encoder. The decoder uses a
standard full-error correction algorithm, correcting all patterns
of up to 50 symbols. Most uncorrectable error patterns are de-
tected by the decoder, in which case the data is left untouched.

In Table I, we compare the performance, in terms of output
bit-error rate (BER), of the combined denoiser/decoder scheme
against that of the channel decoder alone, or the denoiser alone,
at various values of the BER of the BSC. The results are also
plotted in graphical form in Fig. 5. As expected, the perfor-
mance of the error-correction decoder is independent of the data,
up to statistical random sample variations. The performance of

the denoiser, and of the combined scheme, on the other hand,
are strongly data dependent. In all cases, however, the com-
bined scheme significantly outperforms either the decoder or
the denoiser alone, except in the very high noise region, where
the error rate overwhelms the RS decoder, and all improve-
ment in BER is due to the denoiser. Under the assumption that
the BSC is a binary-quantized Gaussian channel, the combined
denoiser/decoder scheme yields, at an output BER of , a
coding gain ranging from 0.8 dB for Data Set 3 to 1.8 dB for
Data Set 2, over the channel decoder alone.

The BER values in these experiments are relatively high, and
the code utilized is, accordingly, of relatively high redundancy.
The low-noise/low-redundancy regime is studied next in Sec-
tion III-D.

D. The Low Noise Regime

In this subsection, we consider data corrupted by channels
of relatively low BER (ranging from to ), and the
channel code is a high-rate ) RS code. The setting is
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TABLE II
RESULTS FOR APPROACH A WITH A ����� ���� RS CODE ON DATA SET 3

(HTML)

otherwise identical to that of Section III-C. Results for Data Set
3 are presented in Table II.

The results show the expected advantage of the combined de-
noiser/decoder scheme over the RS decoder alone for channel
BERs from around and above, but the advantage nar-
rows at lower BERs, and the combined scheme is actually worse
than the decoder alone at BER level and below (see bold-
face entries in Table II). This deterioration occurs despite the
fact that the is doing its job, and, as the table shows, the
BER at the output of the denoiser is significantly lower than the
channel BER even in the “problematic” region.

Although the observed deterioration might seem counterin-
tuitive at first, its cause is not hard to find: the intro-
duces memory into the channel “seen” by the decoder. The
composite channel is no longer characterized by the marginal
BER alone, which is nevertheless the loss function that the de-
noiser is attempting to minimize. Intuitively, the action of the

“clusters” errors in a way that makes a certain fraction
of the codewords suffer heavy corruption, while leaving (maybe
many more) codewords less corrupted than the average. How-
ever, reducing the number of errors in codewords that were cor-
rectable to start with does not help the decoder, whereas making
some codewords uncorrectable will defeat it, resulting in an
overall higher output BER. The effect was not observed in the
high-noise regime, where the high-redundancy RS code is fairly
powerful in correcting bursts of errors of density well above
the average, and whose length exceeds the memory (of
which the overall context size is a good reference measure).

Ideally, in the system of Fig. 1, the loss function minimized
by the should be adapted to the characteristics of the
channel decoder. Although implementing this adaptation opti-
mally and precisely seems impractical, a closer look at the na-
ture of the residual errors of the will allow us to address
the problem in practice. Errors remaining in the response
are of two kinds: errors of omission are original channel errors
that the failed to correct; errors of commission are sym-
bols that went through the channel unscathed, but the
decided to flip anyway, following its decision rule (4). Clearly,
it is the errors of commission that are defeating the decoder and
the overall system performance; the does not increase the
local density of errors by making errors of omission. Thus, the

output of the would be better matched to the channel de-
coder if it were possible to penalize errors of commission more
than errors of omission in the loss function minimized by the
denoiser. It turns out that a minor modification of can
implement this unequal loss function.

Consider a loss function with three inputs that assigns dif-
ferent losses to errors of commission and errors of omission as
follows:

Letting denote the -estimated posterior given
the context of (but not the noisy symbol itself), the Bayes
optimal decision rule is

otherwise.

Denoting , and substituting the formula for
the estimated posterior

(cf. (5), (6)), we obtain, after simplification, the decision rule

otherwise
(9)

where . For (or ), we recover
the original decision rule (4). As we are interested in the
case , the parameter will vary in the range ,
with as . It is readily verified that for any
value of in this range, the rule (9) is equivalent to one of the
form of (4), for some value substituted for . Thus, a ver-
sion of that penalizes errors of commission can be im-
plemented by simply using the standard algorithm, but
tuning it for a channel parameter below the true channel pa-
rameter , i.e., a more “conservative” . In practice, rather
than setting an arbitrary ratio , the best operating value for
the ratio can be tuned by monitoring the performance
of the channel decoder, and adjusting the parameter so that the
rate of decoding failures is minimized.

Results for a denoising/decoding scheme incorporating the
tuned for unequal error weighting are shown in Table III

for the problematic range of Table II, and in Fig. 6 for the whole
range of the table. In Table III, we list the ratio between the pa-
rameter used by the to the actual channel parameter ,
and the corresponding ratio by which errors of commis-
sion are over-weighted.

IV. APPROACH B: -ENHANCED DECODING

In Approach A, the noisy information symbols were denoised
by the and the denoised information symbols were input
to a decoder along with the noisy parity-check symbols. In
Approach B, instead of performing a hard denoising using the

, the noisy information symbols are input to the ,
described in Section II, which outputs soft information about
each of the noiseless information symbols. This information
along with the noisy parity-check symbols are sent to a decoder
that takes soft information as input and outputs estimates of the
clean symbols.
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Fig. 6. Output BER versus channel BER for Approach A with a ����� ���� RS code on Data Set 3, with tuned for a weighted loss function. Results for
the standard are shown for comparison.

Fig. 7. Approach B.

TABLE III
RESULTS FOR APPROACH A WITH A ��������� RS CODE ON DATA SET 3 (HTML) WITH TUNED FOR A WEIGHTED LOSS FUNCTION. RESULTS FOR THE

STANDARD ARE ALSO LISTED FOR COMPARISON

Approach B is depicted in Fig. 7, with notation similar to that
of Fig. 2 and Section III-A. The block takes the noisy
systematic symbols as input, and outputs a posteriori prob-
ability estimates of the clean symbols

conditioned on a subset of noisy symbols. The soft-input
decoder takes these estimates and as input and outputs a
sequence of estimates for the noiseless information symbols.

In general, a soft-input decoder can be viewed as a mapping
that takes soft information about the transmitted symbols

as input and outputs an estimate of the information symbols.
We observe that while Approach B can be easily modified to
apply to any systematic channel code and soft-input decoder
defined as above, the approach is particularly well suited for

systematic LDPC codes and belief-propagation decoders [16],
[17]. We therefore illustrate the approach with such codes and
decoders.

Here we describe a belief propagation decoder that incorpo-
rates the additional soft information about the information sym-
bols generated by the block. The input to the soft de-
coder is a sequence of nonnegative -dimensional
vectors. Let the information variable nodes of the Tanner graph
underlying the belief propagation decoder be denoted by the
integers and the parity-check variable nodes by

. Then for

(10)
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and for

(11)

where

is the uniform distribution over and represents coordi-
nate-wise multiplication. The soft decoder is initialized with
these probabilities and a predetermined number of iterations of
the belief-propagation decoding algorithm is executed on the
Tanner graph of the linear code. For completeness, we describe
the decoding.

Denoting the check nodes by the integers ,
let denote the message from the variable node

to the check node in the th iteration and let
denote the message from check node to variable node in the
th iteration. We index the message vectors by elements of .

Moreover for any node , variable or check, let denote the
set of neighbors of . The rules for updating the messages at the
variable and check nodes are given below. At the variable node
, for all and

(12)

where for all , , and . At the check node , for

(13)

where denotes the tuple of values
indexed by nodes in , and is equal to for those
tuples satisfying the parity check for check node and is
equal to for remaining tuples. After a fixed number, say ,
of iterations the decisions at the information variable nodes are
made according to the function

To demonstrate the improved effectiveness of Approach B
over A we describe the results of experiments conducted on the
data sets described in Section III-B. In each case, the rows of
the image are concatenated and divided into blocks of length

. Each block is encoded using a rate- regular repeat–ac-
cumulate (RA) code selected at random from an ensemble.
The encoded blocks are transmitted over a BSC of known
crossover probability and the noisy output from the channel
is denoiser-enhanced decoded using the algorithms described
in Sections III and IV, with belief propagation comprising the
channel decoding block. For the and blocks,
we use a simple one-dimensional context scheme with context
length for Data Set 1, and the two-dimensional context
scheme described in Section III-B for Data Set 2.

The results for Data Sets 1 and 2 are presented, respectively,
in Tables IV and V, and plotted in Figs. 8 and 9. Fixing a BER
of , we can infer that for Data Set 1, Approach A results
in a coding gain of 0.7 dB over a plain decoder, and Approach
B results in a coding gain of 0.7 dB over Approach A. For Data

TABLE IV
RESULTS FOR APPROACHES A AND B WITH A ������� ����� RA CODE AND

DATA SET 1 (FIG. 3)

TABLE V
RESULTS FOR APPROACHES A AND B WITH A ������������ RA CODE AND

DATA SET 2 (FIG. 4)

Set 2, Approach A results in a coding gain of 1.4 dB over a plain
decoder, and Approach B results in a coding gain of 0.8 dB over
Approach A.

V. APPROACHES C–F: ITERATIVE DENOISING/DECODING

In this section, we show how to carry out additional iterations
of denoising and decoding beyond Approach B, by combining
error correction decoding algorithms that also output a poste-
riori reliability information concerning the information sym-
bols with several alternatives to the denoising stage that can
incorporate the decoder-generated soft information. Each sub-
section in the following describes an alternative denoising stage
and how it interacts with the error correction decoder in the it-
erative process. While the various approaches are compatible
with any soft-input soft-output decoding algorithm, the descrip-
tions below are tailored to belief propagation decoding in the
setting of low-density parity-check (LDPC) codes. All of the
approaches start off with an iteration of Approach B ( ),
followed by the respective iterative stages. The experimental re-
sults for the various approaches and data sets, involving the RA
codes and belief propagation decoding of the previous section,
are presented in Section V-D, along with comparisons to Ap-
proaches A and B for this setting.

A. Approach C

The key new component in this approach is the , a
-like denoising stage which can process the decoder gen-

erated reliability information along with the noisy information
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Fig. 8. BER of Approach A and Approach B applied to Data Set 1 (Fig. 3).

Fig. 9. BER of Approach A and Approach B applied to Data Set 2 (Fig. 4).
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symbols to further refine reliability information for use in yet
another error-correction decoding stage. Additional iterations
between the decoder and can be carried out, though
we note that in practice just one iteration can yield significant
gains over Approach B.

As above, let and , respectively, denote the clean and
noisy code symbols with indices corresponding to
information symbols and indices corresponding
to parity-check symbols. Let denote the -fold product
space of marginal probability distributions on the set of infor-
mation symbols and let denote the -fold product space of

–dimensional nonnegative vectors (recall that denotes the
input/output alphabet size). We may view each iteration of a
soft-input soft-output decoding operation as a mapping from

to , where denotes the internal state
space of the decoding algorithm, e.g., the last round of edge
messages in belief propagation. Letting denote the
set of marginals on the information symbols generated by the

algorithm, with , the
output of the soft-output decoder after Approach B for received
codeword symbols can be expressed as

where denotes an initial decoder state. The distribution
computed by the decoder for the th symbol can be in-

terpreted as a conditional probability distribution on the values
that this symbol might take on given the entire (or significant
portions of the) received, channel corrupted codeword. We next
describe how operates on the distributions
and to generate a refined set of information symbol marginals

for input to a second decoding stage.
Common to all stages after the initial stage

is an estimate of the probability distribution on values
assumed by tuples of source (equivalently information) sym-
bols. The estimate is based on the following property of the joint
distribution of clean and noise corrupted random variables.

Lemma 1: Suppose the random variables
taking values in are transmitted over a

DMC with transition probability matrix to obtain
. Then for any , and any

...

...

(14)

The proof of Lemma 1 is completely analogous to the deriva-
tion of (8) in [26] and is omitted.

Assuming an invertible , multiplying both sides of (14) by
gives a way to obtain the vector of probabilities on the right

side, corresponding to one more and one less , in terms
of the vector of probabilities on the left side. Several iterations
of this step are the basis for computing the estimate ,
the details of which follow.

Let

(15)

where

is a normalization constant, is given by (1), and is a
smoothing constant, set to in the simulations. Thus,

should be interpreted as a probability distribution on
-tuples of consecutive noisy symbols. Up to the con-

stant , it corresponds to the empirical distribution of such tuples
in the noisy information symbols . The estimate
of the empirical distribution of -tuples of consecu-
tive clean information symbols is derived from in

-steps, each comprised of a collection of -like
computations involving , as justified by Lemma 1. The first
step operates on to compute an estimate
of the empirical distribution of -tuples of consecutive
symbols in which the first symbol in each tuple is taken from the
clean signal and the remaining symbols are taken from the noisy
signal. In general, the th step outputs an estimate

of the empirical distribution of -tuples of consecutive
symbols in which the first symbols in each tuple are taken from
the clean signal and the remaining symbols are taken from the
noisy signal. The th step computes its estimate from the output
of the th step as in (16).

...

...

(16)

The smoothing operation in (16) ensures that all of the
components of
are nonnegative and have the same sum as the components of

.
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For the simulation results, on binary sources/channels (
), the following smoothing function was used (cf. (8))

otherwise

(17)

where and are, respectively, the offset and normalization
constants appearing in (15). The fact that and, hence, its in-
verse are stochastic matrices implies that will always op-
erate on vectors satisfying . The simulation
results for Approach C in Section V-D were generated using the
smoothing function (17), and in both the smoothing func-
tion and in (15).

We next describe how the stage uses and
the output of the decoding stage to generate the next

stage a priori reliability information . Define by

(18)

This step removes the “intrinsic” information from the decoder
generated posteriors. Then, for each information symbol index
, and each value , let

(19)
where we use the abbreviation

and set

(20)

As explained below in the context of LDPC codes, these oper-
ations can be interpreted as being part of a belief propagation-
like procedure on an augmented factor graph representing both
the channel code constraints and the estimated clean source
distribution.

The distributions are then fed into a second de-
coding stage whose operation can be expressed as

Following this, additional iterations of the above stages can be
carried out, and after the th decoding stage the distributions

can be the basis for MAP decisions to yield an Ap-
proach C decoded signal. Note that , the estimate of
counts of tuples of clean source symbols, is constant for all

iterations.
The simulation results presented in Section V-D are for an

Approach C implementation involving systematic LDPC codes
(RA codes, specifically) and a soft-input soft-output version of

belief propagation decoding. For concreteness, we specify the
function

(21)

corresponding to this decoder, with reference to the descrip-
tion of belief propagation in Section IV ((10)–(13)). The
generic input parameters , , and in (21),
respectively, denote distributions on information symbols,
channel matrix columns corresponding to noisy parity-check
symbols, and an initial decoder state, while the generic output
parameters and denote refined distributions on
information symbols and a final decoder state. The function

then implements the belief propagation computations of
(10) through (13) in Section IV, and incorporates the above
generic parameters as follows. The are set as in (10) and
(11), with the generic input parameter replacing the
corresponding in (10), and the generic
parameter replacing in (11). The generic input parameter

, corresponding to the decoder state, is assumed to specify
for all , , and in (12) for the first iteration. The state

portion of the output of , assuming decoder iterations, is
set to , while the probabilistic portion corresponding
to index is set to

Note that the decoding stage of each Approach C denoising/de-
coding iteration in general consists of numerous (sub)iterations
of belief propagation on the LDPC code graph.

The enhanced decoder for LDPC codes, as just
described, can also be interpreted as a slightly modified form
of belief propagation (sum–product algorithm) applied to the
factor graph (see [40]) shown in Fig. 10, representing both
the channel code constraints and the estimated clean symbol
probabilities. The factors in Fig. 10 are denoted by squares.
The pairwise factors involving the clean and noisy codeword
variables and correspond to the channel transition
probabilities. The factors correspond to the parity check
constraints, while the factors correspond to
applied to the -tuples of information symbols ,

connected to them in Fig. 10.3 Note
that these latter factors do not include variables
which correspond to parity symbols. The and de-
coding stages of each Approach C iteration described above
correspond, respectively, to the updating of messages passing
between and and to the updating of messages passing
between and in a belief propagation-like algorithm.
The overall goal is to approximate the conditional distribution
of each given all the observed . As we explain below,
the main difference between Approach C and standard belief
propagation on this factor graph has to do with the messages
passing back and forth between the factors and the variable
nodes . The factor to variable node edge messages are
initialized as usual, with the exception of the edges

3For simplicity, we omit factors corresponding to the boundary indices � �
���� � � ���. A good choice for such factors would be marginal distributions
on fewer random variables derived from �� ���.
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Fig. 10. Factor graph for enhanced decoding.

which are initialized to , ,
where is the output of . We divide
by for consistency with the factor graph of Fig. 10,
which multiplies this term back in through the pairwise channel
factors connecting and . In future iterations, messages
passing on the edges and are updated as
usual, with the updates of the former corresponding roughly4 to
(19) and (20). In a departure from standard belief propagation,
however, messages passing on for are always
fixed to the all-ones vector and are never updated,
and the messages passing on for are set
equal to the messages on , the latter updated in the
usual way, as already noted. These modifications stem from the
fact that we do not want products of factors with common
variables to appear in the propagating messages. An additional
difference relative to standard belief propagation is in the
schedule of message updates. In particular, decoding proceeds
with multiple updates of the messages passing between
and , while the messages between and are held
fixed. This corresponds to the multiple channel decoder itera-
tions per denoising iteration mentioned above. After a certain
number of such iterations, the messages passing back and forth
between and are updated in the usual way, with the
aforementioned exceptions for and , .

B. Approach E

Approach C has the drawback that the error correction de-
coding stage is not being leveraged to refine , the es-
timate of the counts of clean source symbols. Approach E (along
with F in the next subsection) is an attempt to patch this hole via
a different iterative process.

Approach E also consists of a sequence of iterations of a de-
noising stage followed by a decoding stage. Like Approach C
of the previous section, the first iteration consists of a run of
the algorithm followed by the corresponding enhanced
error correction decoding stage, as detailed in Section V-A. Sub-
sequent iterations differ from the iterations of Approach C only
in how the denoising stage processes the aggregate reliability
information to generate the new a priori reliability

4The actual update in the modified belief propagation formulation in-
volves a similar sum-of-products, with the ��� ��� factor omitted and the
�� �� � factors derived from the �� � � � messages.

information . We now describe the corresponding Ap-
proach E processing.

1) Obtain a hard-decision decoded sequence of source
symbols by decoding each symbol to the value max-
imizing . Denote this sequence of symbols by

.
2) Determine the fraction of occurrences of each context

of symbols (context in the sense) in the decoded
sequence for which the “center” symbol takes on
each possible value . This is equivalent to the normalized

vector from the description.
3) For each , set

(22)

where represents the value of the context of the th
symbol in the hard-decision output .

Note that the alternative denoising stage requires only hard
decisions from the decoder and otherwise ignores the soft output
information. Approach E can also be interpreted as a natural
approximation of Approach F described next.

C. Approach F

Approach F is also an iterative denoising/decoding procedure
nearly identical to Approach C except that it attempts to im-
prove the estimate of the distribution of tuples of clean symbols

in each iteration, rather than leave it unchanged. Let
denote the alternative estimate for the th iteration,

as used in (19). It is computed as follows.
1) Like in Approach E, obtain a hard-decision decoded se-

quence of source symbols by decoding each symbol to
the value maximizing . Denote this sequence of

symbols by .
2) Determine as

where is a
normalization constant, is given by (1), and is a
smoothing constant set to in the simulations.

Approach F is then identical to Approach C with ,
as defined above, replacing , derived according to
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TABLE VI
RESULTS FOR APPROACHES A TO F WITH A ������� ����� RA CODE AND DATA SET 1 (FIG. 3).

TABLE VII
RESULTS FOR APPROACHES A TO F WITH A ������������ RA CODE AND DATA SET 2 (FIG. 4).

(16), in the th iteration update (19). In the factor graph/belief
propagation interpretation of Approach C (see Fig. 10), the
change introduced by Approach F is to modify the factors
to before the th update of the messages .

We next show how Approach E can be viewed as an approx-
imation of Approach F. Let denote the “intrinsic in-
formation”–removed soft output from the th decoder stage, as
computed according to (18). Using the abbreviation

Approach F updates according to

(23)
Approach E can then be interpreted as replacing in

the expression (23) with , the unmodified decoder
soft output, and restricting the summation in (19) to one term,
namely

Up to normalization, the summation in update (23) over this one
term becomes

which corresponds exactly to the update of Approach E.

A range of algorithms between Approaches E and F can be
obtained through alternative restrictions of the summation in
(23), to, for example, allowing for only one error in the context
(as opposed to zero above), or two, etc., relative to the hard-
decision sequence.

D. Results

In this subsection, we present the results of experiments car-
ried out on the data sets of Section III-B with Approaches C,
E, and F. Results for Approaches A and B are also included,
for comparison purposes. The channel coding setup (RA codes,
etc.) is identical to that described at the end of Section IV. For
Data Sets 1 and 2, the noisy output from the channel is decoded
with each of the algorithms discussed in Sections III-A and Sec-
tions IV to V-C. The hard-decision channel decoding block for
Approach A is a standard belief propagation decoder. The con-
text sizes for Data Sets 1 and 2 are identical to those chosen for
the experiments detailed at the end of Section IV.

The BER results for Data Sets 1 and 2 are presented, respec-
tively, in Tables VI and VII and plotted in Figs. 11 and 12. From
the figures it can be inferred that, for an output BER of , it-
erative denoising and decoding schemes yield coding gains over
Approach B of 1.4–1.5 dB for Data Set 1 and 1.4–1.8 dB for
Data Set 2.

From Figs. 11 and 12 we observe that the iterative decoding
and denoising schemes C, E, and F substantially outperform the
noniterative schemes A and B. Among the iterative schemes,
Approach F seems to give the best performance as the channel
noise decreases, though no single scheme completely dominates
the others for all noise levels.

We perform a similar experiment for Data Set 3 (HTML
data), with the same channel coding setup. We restrict the
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Fig. 11. BER of Approaches A-F applied to Data Set 1 (Fig. 3).

Fig. 12. BER of Approaches A-F applied to Data Set 2 (Fig. 4).

experiment to Approach E, which competed well with the
best iterative algorithms for the image data, and include the

results for Approaches A and B for reference. As mentioned in
Section III-B, we use a “character-aware” scheme for denoising,
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Fig. 13. BER of Approaches A–F applied to Data Set 3.

TABLE VIII
RESULTS FOR APPROACHES A, B, AND E WITH A ������� ����� RA CODE

AND DATA SET 3

where the context size is varied from to based on the
noise levels.

The experiments for Data Set 3 are presented in Table VIII
and plotted in Fig. 13. From the figure it can be inferred that,
for a BER of , Approach A yields a coding gain of about
0.3 dB over a plain decoder, Approach B, in turn, yields a coding
gain of approximately 0.5 dB over Approach A, and Approach
E yields a coding gain of about 0.9 dB over Approach B. Thus,
we observe continued significant performance gains in decoding
for a third type of data (with Data Sets 1 and 2 corresponding
to two different types of image data), providing empirical evi-
dence of the universality of our schemes. In the next section, we
study the universality properties more directly by evaluating the

proposed DUDE-enhanced decoding structures along with cor-
responding source-distribution-aware (and hence nonuniversal)
enhanced decoding structures on synthetic data generated by
Markov sources.

VI. MARKOV SOURCES

In this section, we evaluate the performance of the pro-
posed schemes on channel-encoded binary Markov sources.
The channel code and baseline channel decoder are again,
respectively, the RA code and belief propagation decoder of
Sections IV and V-D, while the Markov sources are first-order
with symmetric transition probabilities. We compare the per-
formance of the proposed schemes to analogous nonuniversal
enhanced decoders, denoted as Hard BCJR+BP, Soft BCJR+BP,
and Iterative BCJR+BP, that exploit knowledge of the source sta-
tistics. Hard BCJR+BP corresponds to Approach A with a BCJR
denoiser using the actual Markov chain parameters replacing the

block in Fig. 2. Similarly, Soft BCJR+BP is Approach
B but with the block in Fig. 7 replaced by a version of
BCJR that emits the computed clean symbol posteriors. These
posteriors then serve as inputs to the belief propagation decoder,
as in Approach B. Iterative BCJR+BP carries out belief propaga-
tion on the augmented factor graph of Fig. 14, similarly to what
is done in [7] and in Approaches C and F above. The factor graph
of Fig. 14 is similar to that of Fig. 10. In this case, the factors

correspond to the Markov transition probabilities
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Fig. 14. Factor graph for Iterative BCJR+BP enhanced decoding.

Fig. 15. Performance of universal Approaches A, B, and F, and nonuniversal analogs Hard BCJR+BP, Soft BCJR+BP, and Iterative BCJR+BP for � � ����.
Data length is �� bits.

Unlike in Approaches C and F, Iterative BCJR+BP involves
standard belief propagation on the augmented factor graph.
The schedule of message updates, however, is similar to C and
F and entails multiple outer iterations of an inner subiterative
process comprised, in turn, of numerous iterations back and
forth between and , sufficiently many, in fact, to
implement the full sequence BCJR, followed by numerous
iterations between and , while holding the messages
from fixed. After at least two outer iterations of this
subiterative process, hard decisions are taken at the variable
nodes. As in Approaches C and F, negligible improvement in
performance is seen beyond two iterations.

The results are shown in Fig. 15 for a Markov source with
transition probability , and as mentioned, the rate–

regular RA code also used in Sections IV and V-D. To simplify
the plot, we have omitted the results for iterative universal
Approaches C and E, which are similar to those of Approach F,
with Approach E being slightly inferior to C and F for noisier
channels. For , the universal and (corresponding)
nonuniversal error rates are found to track each other closely
in all cases. Though we omit the plots, we find, as decreases
from , that the universal and nonuniversal hard-decision
schemes remain fairly close in performance, while there is some
divergence in performance for the corresponding soft-decision
schemes. This is most likely due to slower convergence of the

estimated clean symbol posteriors to the actual poste-
riors used by the BCJR based schemes. Evidence of this slower
convergence can already be seen in [26, Table I] for the case of
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BSC crossover , Markov transition , and a
sequence length of , where Bayes optimal denoising (e.g.,
BCJR) significantly outperforms the DUDE. These empirical
observations are consistent with the theoretical analysis in [26],
which shows a convergence penalty that increases with .

As additional reference points, we can derive the theoret-
ical maximum values of the BSC crossover probability that
allow, respectively, reliable uncompressed and compressed
channel encoding of the Markov source at the coding rate of

source symbols per channel symbol used in the experi-
ments of Fig. 15, with possibly source-dependent encoding
and decoding. In uncompressed channel encoding, which is the
paradigm assumed throughout the paper, the source symbols are
transmitted in the clear as part of the channel codeword, while
compressed channel encoding is the classical Shannon paradigm
of source–channel coding for which separate data compression
and channel encoding is asymptotically optimal. Let
denote the conditional entropy rate of the Markov source
given its noisy version , which is a function of and . Let
denote the binary entropy function evaluated at probability ,
so that is the capacity of a BSC with crossover , and
let denote the rate of source symbols per channel symbols of
the uncompressed encoding. According to Theorem 1 of [41],
uncompressed channel encoding at rate with asymptotically
vanishing error probability is possible if and only if

(24)

Correspondingly, the classical source–channel separation
theorem implies that compressed channel encoding at rate

source symbols per channel symbol, with asymptotically
vanishing error probability, is possible if and only if

(25)

where is the entropy rate of the symmetric
Markov source with transition probability .

We can numerically solve for the largest for which (24) and
(25) are satisfied for the values of and used in the above
simulations. To carry out this computation for (24), we express

as

where is the entropy rate of the hidden Markov source,
which has no closed-form expression, but, following [42]–[44],
can be estimated easily for different values of and using a
Monte Carlo method. This technique is based on the asymp-
totic equipartition property for stationary ergodic sources,
which states that converges to with
probability one. The technique thus involves simulating a long
realization of , and computing its log probability using the
standard dynamic programming technique (forward recursions
from the hidden Markov process literature). A binary search,
coupled with this Monte Carlo entropy rate estimator, can be
used to estimate the maximal , satisfying (24).

For and a Markov source with , the case
corresponding to Fig. 15, we obtain , which is well
above the values of achieving low error rates in the figure, e.g.,

for a BER between and for either scheme
F or the nonuniversal BCJR-based schemes. The largest satis-
fying the compressed channel-encoding condition (25) is easily
found using numerical methods to be for these
same parameter values. Interestingly, in this case, the theoretical
penalty for not compressing the source is fairly small, though it
would grow with increasing encoding rate.

The limits on uncompressed encoding have the most relevance
to the proposed schemes, and illustrate what may be possible
with no additional restrictions on encoding and decoding (such as
complexity). Attaining them, however, has not been the objective
of the paper, which rather has focused on broadly applicable
enhancements to the decoding of existing, practical families of
channel codes. Indeed, the gap from the limits observed in the
experimental results is due not only to the suboptimality of the
decoders and their lack of knowledge of the source statistics, but
also substantially to the fact that we are using simple off-the-shelf
channel codes which do not operate close to capacity.

VII. CONCLUSION

The proposed methods are practical approaches that harness
the dual redundancy present at the channel inputs (due to un-
compressed data and error control coding) capitalizing on the
knowledge of the error control code at the decoder but without
the requirement that the statistics of the data be known at the
encoder/decoder. An existing decoder system design, subject to
standard protocols and error-correcting codes, can be replaced
by the algorithms presented in this paper, without requiring any
change in the corresponding encoder system.

A progression of schemes was described, offering a com-
plexity–performance tradeoff. The simplest scheme (Approach
A) feeds the systematic (information) part of the encoded data
to a hard-decision denoiser, which in turn feeds a hard-input de-
coder. This simple configuration already shows significant per-
formance improvement over decoding alone. Further improve-
ments in performance, at the cost of a moderate increase in
complexity, are obtained by letting the scheme output
soft information, fed to a soft-input decoder (Approach B). The
strongest, but also most complex schemes (Approaches C–F)
are iterative, feeding back a posteriori reliability information
on the decoded information symbols to variants of , an
enhanced version of that incorporates such information.
These universal decoders show orders of magnitude improve-
ment over state-of-the-art decoders that do not take into account
the source redundancy.

While this paper has focused on memoryless channels, anal-
ogous denoiser-enhanced decoders can be constructed for chan-
nels with memory. The corresponding building blocks for such
enhanced decoders would be extensions of the to chan-
nels with memory [32], [33] combined with codes and decoders
targeting the relevant channels. The literature on the latter is ex-
tensive. Of particular relevance might be recent work on exten-
sions of LDPC/turbo codes and iterative decoding to channels
with memory as in, e.g., [45]–[48]. We leave the study of such
enhanced decoders for future work.
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