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Linear Form Decoding - Decoding Binary
Codes on Non-binary Channels
Harm S. Cronie, Bertrand Ndzana Ndzana and Amin Shokrollahi.

Abstract
In this paper, we introduce a class of decoding algorithms for binary codes used for transmission
over q-ary channels, where q = 2m . We apply the algorithms to codes that can be decoded by belief
propagation algorithms. The algorithms provide a tradeoff between complexity and decoding capability.
Whereas the running time of the q-ary belief-propagation algorithm is m2m times that of its binary
counterpart, in our case the complexity factor can be chosen between m and 2m , depending on the
error-correction capability required. As such, the running time can be much better than the q-ary beliefpropagation algorithm. The main idea behind our algorithm is to apply an appropriate set of F2 -linear
forms of Fq to a code to obtain a set of binary codes which can be decoded independently in parallel.
Once each of these binary codes have been decoded we decode the code defined by the set of F2 linear forms. Simulations results are provided for families of q-ary symmetric channels which show the
performance of our decoding algorithms.

I. I NTRODUCTION
The success of iterative decoding algorithms for graph based codes on binary memoryless
channels has for some time invited the question whether it is possible to generalize binary decoding algorithms and tools for their design and analysis to q-ary alphabets. Such generalizations
are needed in a variety of applications. For instance many channels in communication applications
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are non-binary in nature. These channels require higher modulation than binary. In this case it
is natural to opt for a non-binary error-correcting code. Another application where non-binary
error-correcting codes are natural to use is the compression of files with error-correcting codes.
In this case the alphabet elements are naturally bytes.
One often would like to use binary error-correcting codes since they can be decoded with
less computational complexity than their non-binary counterparts. For some channels schemes
exist which allow the use of binary codes on non-binary channels without much penalty. One
can e.g. opt for multi-level coding [1], [2] where a set of binary codes is used and decoded in
a sequential fashion. The main disadvantage of multi-level coding is error propagation which
limits the applicability of the scheme when the alphabet size increases and block lengths are
short. A successful scheme for channels arising in communication applications is bit-interleaved
coded-modulation (BICM) [3]. This scheme achieves a good practical performance on channels
for which the parallel-and-independent decoding (PID) capacity is close to the capacity of the
channel. Furthermore, there is no issue of error-propagation. However, BICM is not suitable for
any non-binary channel since there can be a large gap between the capacity of the channel and
its PID capacity.
On the other hand, it is relatively straightforward to generalize the binary belief-propagation
(BP) algorithm to the q-ary case [4]: assuming that the underlying alphabet is Fq , the messages
that are passed along the edges of the graph are probability distributions on Fq , and can be
described by a vector of (q − 1) nonnegative real numbers with sum at most equal to 1. The
message passing algorithm performs convolutions of these probability distributions on one side
of the graph, and point-wise products (and renormalization) on the other side. The convolution
can be performed at cost proportional to q log2 (q) using a Hadamard-Walsh transform [5], [6].
For a tutorial describing existing methods for decoding q-ary graphical codes, and extensions of
these algorithms, we refer the reader to [7].
Despite improvements reported in [7], the problem of decoding graphical codes over Fq
remains a difficult computational problem, particularly when the field size q increases. Beliefpropagation based methods are rendered completely ineffective when the field size q is very
large, as is for example the case in packet based transmissions where q can have a value of
28192 or more. In these cases, under the assumption that transmission is performed on the q-ary
symmetric channel (q-SC), several algorithms have been provided [8], [9], [10]. However, these
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algorithms are ineffective when q is not too large, say in the range of a few hundreds to a few
thousands.
In this paper, we are going to ask a slightly different question: to what extent can we use
binary codes on non-binary channels, and how can we design efficient decoding algorithms? It
is quite clear that if the q-ary channel induces independent errors on the bits of a transmitted
element, then the error correction capability of binary codes is similar to that of binary codes on
binary channels. However, if the channel does not introduce independent errors at the bit-level
(something that is common for q-ary channels), then binary codes could have an advantage.
In this paper we introduce a technique to which we refer to as linear form decoding. Part of
our results presented in this paper have been presented in [11]. The main idea of linear form
decoding is to reduce the decoding problem of a set of m binary codes, which will be used on a
non-binary channel, to multiple correlated instantiations of the decoding problem of the binary
codes. The number of correlated instantiations that is used can be chosen anywhere between
m and 2m . Furthermore, the number of correlated instantiations used, gives a trade-off between
complexity and performance. Once the correlated instantiations have been decoded, we combine
the results to estimate the transmitted message.
The outline of the paper is as follows. In Section II we explain the main concepts of linear
form decoding. In Section III we illustrate the capabilities of linear form decoding on the q-ary
symmetric channel. We construct several codes and provide simulation results to assess their
performance. We end with conclusions and discussion in Section IV.
II. L INEAR

FORM ENCODING AND DECODING

A. Linear form encoding
We denote the finite field with q elements by Fq . Often q = 2m and the corresponding field
is denoted by F2m . Let C be a binary code of dimension K and length N. Furthermore, let G
denote a generator matrix of C. Let,
s = (s1 , . . . , sK ),

(1)

denote a vector of source symbols where si ∈ Fq for i = 1, . . . , K. We assume that q = 2m and
we can write each si as
si = (sim , . . . , si1 )⊤ ,

(2)
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where sij ∈ F2 . We view the source vector s as an m×K matrix where each column corresponds
to the binary expansion of the corresponding element of Fq . We encode s to obtain a codeword
z ∈ FN
q by applying the generator matrix of C to s
z = sG.

(3)

Each column of z we can identify with an element of Fq which shows that we can also view
z as a vector of FN
q . Formally we have defined a code Cq as the tensor product of the binary
code C as an F2 -module with the F2 -module Fq .
C q = C ⊗ Fq .

(4)

Now, consider a set Φ of n non-zero F2 -linear forms of Fq :
Φ = {φi |i = 1, . . . , n} .

(5)

We assume that dimhΦi = m and define an error-correcting code CΦ as
CΦ = {(φ1 (x), . . . , φn (x)) |x ∈ Fq } .

(6)

This is a linear code of length n. Since we have assumed that dimhΦi = m, its dimension is m.
Hence, CΦ is an [n, m]2 -code. We will map the symbols of z to bit-vectors of length n using
CΦ . The main observation is that if we consider all the bits at a fixed position of the codewords
from CΦ , this sequence of bits is an element of C. To be more specific, let Cφi for a linear form
φi be a code defined by
Cφi = {(φi(z1 ), . . . , φi (zN ))|(z1 , . . . , zN ) ∈ Cq }

(7)
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The following lemma is an immediate consequence of the fact that the code is defined by binary
linear forms.
Lemma 1: The code Cφi is a binary linear code of dimension K and length N. Furthermore,
Cφi = C.
Proof: It follows from the definition of Cφi that for each codeword c = (c1 , . . . , cN ) ∈ Cφi
there exists a codeword z = (z1 , . . . , zN ) ∈ Cq with φi (zj ) = cj for j = 1, . . . , K and vice versa.
Each z corresponds to a vector of source symbols s = (s1 , . . . , sK ) ∈ FK
q for which
!
K
X
φi
sl glj = cj ,

(8)

l=1

where glj is the element of G at row l and column j. Furthermore, sl is a column vector of
bits corresponding to the binary expansion of the source symbol from Fq . Equivalently, we can
write (8) as
φi

K
X
l=1

sl glj

!

=

K
X

φ (sl ) glj = cj ,

l=1

and we conclude that for each c ∈ Cφi there exists a sequence of source symbols s ∈ FK
q for
which
(c1 , . . . , cN ) = (φi (s1 ), . . . , φi (sK ))G,

(9)

and vice versa. Since {φi (sj )|sj ∈ Fq } = F2 and G is a generator matrix of C, the claim follows.

B. Linear form decoding
We consider transmission of a codeword z ∈ Cq on a channel W
W : X 7→ Y,

(10)

where the channel input alphabet X is taken to be Fq and Y is the channel output alphabet. The
vector of channel outputs is denoted by y = (y1 , . . . , yN ). The corresponding random variables
we denote by Z and Y , respectively. The channel is defined by a channel transition density
which for simplicity we denote by p(yj |zj ). Furthermore, the channels we consider in this paper
are all memoryless.
Given the channel output y we could decode Cq directly. However, in general optimal decoding
of a code is only feasible for small N. Furthermore, for coding schemes for which low-complexity
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q-ary decoding algorithms exist and perform well, their binary counterparts are usually far more
attractive from a complexity point of view.
Note that we will not transmit the elements of the binary code CΦ directly: the codewords we
transmit over the channel are elements of FN
q , i.e., bit-vectors of length Nm. The idea is very
similar to that of concatenated codes. However, with a concatenated code the length of the bit
vector we transmit would be Nn and we would lose rate. In our case we are not losing rate at
all. Figure 1 gives an overview of the encoding method.
Our approach to the decoding problem is as follows. First, we decode each of the binary codes
Cφi for a properly chosen set of linear forms Φ. Since each of the Cφi is equal to C by Lemma 1
we can use a decoding algorithm suitable for C. In this paper we only explore the use of sparse
graph codes for C and decode C by a BP algorithm. Once we have decoded each of the Cφi ,
we can use these results as an estimate for the value of each of the linear forms evaluated at the
coordinate positions of the codeword z. For each coordinate position we decode CΦ to refine
the estimate of this position. As with C we can choose CΦ depending on the requirements and
the constraints on e.g. computational complexity.
C. Decoding Cφi
In general optimal decoding is prohibitively complex for most error-correcting codes. Instead
of optimal decoding we consider codes which can be decoded by suboptimal low-complexity
algorithms. In this paper the codes we consider for C are sparse graph codes and BP algorithms
provide an efficient way to decode these codes.
Let z = (z1 , . . . , zN ) denote a codeword of Cq and consider the case that we are decoding
linear form φi . The corresponding codeword from Cφi is denoted by x = (x1 , . . . , xN ). For each
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of the coordinate positions of x we compute Pr [Xj = xj | Yj = yj ]. We will denote this quantity
by pij (xj ) and we can compute it as
pij (xj ) = Pr [φi (Zj ) = xj | Yj = yj ]
X
Pr[Zj = a|Yj = yj ].
=

(11)

a∈Fq
φi (a)=xj

We can express Pr[Zj = a|Yj = yj ] in terms of the channel transition density as follows
Pr[Yj = yj |Zj = a] · Pr[Zj = a]
Pr[Yj = yj ]
1
1
= Pr[Yj = yj |Zj = a] = p(yj |a),
γ1
γ1

Pr[Zj = a|Yj = yj ] =

(12)

where γ1 = Pr[Yj = yj ]/Pr[Zj = a] is a normalization constant. We can interpret pij (xj )
as follows. Once we have observed a channel output yj , it induces an a posteriori probability
distribution on the channel input alphabet Fq . To compute the probability that a linear form
φi evaluated on this alphabet is 0 or 1, we marginalize over this probability distribution. The
marginal probability that linear form φi is equal to xj is given by pij (xj ).
In this paper we limit ourselves to one family of codes for C to illustrate the capabilities of
linear form decoding. We use Fountain codes which are a type of rateless codes. A first practical
family of Fountain codes are LT codes [12]. A second family of Fountain codes which build
upon LT codes are Raptor codes as introduced in [13]. Raptor codes offer a better performancecomplexity tradeoff than LT codes. The numerical results presented in Section III are obtained
with LT-codes. Hence we give a summary of the important properties of LT-codes and how they
fit within the linear form decoding framework. For more details about these codes we refer the
reader to [12], [13], [14].
A binary LT code is defined by parameters (K, Ω(x)) where K is the number of input bits
of the LT code and Ω(x) the output distribution. The number of output symbols is given by N
and an important property of an LT code is that N is not fixed a priori. For our purpose we
will generate a single LT code and use it as the code for C as described in earlier sections. An
LT code can efficiently be decoded by a BP algorithm as described in [14] and BP decoding is
used to decode Cφi .
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D. Decoding CΦ
We assume that the decoding algorithm for C provides us with an estimate Pr [φi (zj ) = ci ]
for each of the φi evaluated at the coordinate position zj of the codeword of Cq . We will assume
that these estimates are independent of each other. In general this will not be the case, but our
practical experiments suggest that correlations are only weak.
The purpose of decoding CΦ is to refine the estimates of the coordinates of z. Let c =
(c1 , . . . , cn ) ∈ CΦ and define a distribution on the codewords of CΦ as
pΦ (c) =

n
1 Y
Pr [φi (zj ) = ci ] ,
γ2 i=1

where γ2 is a normalization constant chosen in such a way that
X
pΦ (c) = 1.

(13)

(14)

c∈CΦ

Now, we can estimate a codeword from CΦ as

ĉ = argmax pΦ (c).

(15)

c∈CΦ

In case the estimates of Pr[φi (x) = 0] returned by the decoders of C are independent of each
other, (15) is the optimal wordwise MAP decoder for CΦ .
Once we have computed pΦ (c), we can update for each φi the estimate of Pr[φi (zj ) = ci ] as
X
pΦ (x).
(16)
Pr[φi (zj ) = ci ] =
x∈CΦ
xi =ci

In this paper we will consider several options for Φ. For example we will choose Φ in such
a way that CΦ is a Hadamard code or a Hamming code or is equal to other suitable choices.
E. Linear form decoding algorithms
With the preparations of the previous sections, we are ready to describe our two decoding
algorithms.
Algorithm 1: The set Φ = {φ1 , . . . , φn } of linear forms is fixed throughout the algorithm.
The algorithm has two phases: the C decoding phase phase and the CΦ decoding phase.
(C) For each linear form φi ∈ Φ we compute pij (xj ) according to (11). The code C is decoded
and the result is an updated estimate for pij (xj ) which we denote by µij (xj )
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(CΦ ) For each coordinate position j we use µij (xj ) to compute a distribution on the codewords
of CΦ according to (13) where the corresponding Pr[φi (zj )] is given by µij (xj ). After
decoding CΦ , the final estimate of the jth symbol for the codeword from Cq is the inverse
image of the codeword which has been found while decoding CΦ .
Algorithm 1 can be extended in the following manner. The decoding algorithm for C may
permit a partial decoding of C. For an LT code which is decoded by a BP algorithm we can
perform several iterations of BP decoding and then decode CΦ . Now the idea is to alternate
between the two decoding phases. A relevant question is the number of iterations performed in
decoding C before turning to decoding CΦ . For this purpose we define a vector I which we call
the iteration profile. The size of I designates the number of times we turn to decoding CΦ and
the jth element of I is the number of iterations we perform before decoding CΦ the jth time.
As we will see later the final performance depends on this choice. We denote this version of
our algorithm by Algorithm 2.
Algorithm 2: The set Φ = {φ1 , . . . , φn } of linear forms is fixed throughout the algorithm.
The algorithm has two phases: the C decoding phase and the CΦ decoding phase. We alternate
between the C and CΦ phases where at each C decoding phase we perform a number of iterations
as defined by the iteration profile I.
(C) For each linear form φi ∈ Φ we compute pij (xj ) according to (11). The code C is decoded
and the result is an updated estimate for pij (xj ) which we denote by µij (xj )
(CΦ ) For each coordinate position j we use the µij (xj ) to compute a distribution on the
codewords of CΦ according to (13) where the corresponding Pr[φi (zj )] is given by µij .
F. Complexity
The running time of these algorithms can be easily assessed. It’s easy to show that Algorithm
1 and Algorithm 2 have a time and space complexity of the same order. In what follows, we
derive a complexity analysis for Algorithm 1.
Since at each iteration of the BP algorithm n values are updated, the running time will be
proportional to the number of edges in the decoding graph of the LT code times n. The running
time of the CΦ -part of the decoding process depends on the algorithm used. The straightforward
implementation of Pr[x = c] for all c ∈ CΦ uses ≤ n2m operations on real numbers: for every
vector c we need to calculate a product of at most n terms. (A more accurate estimate of the
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Example of a computation tree for linear form decoding with two linear forms.

number of operations is

P

c∈C

wgt(c), where wgt(c) is the Hamming weight of c; hence, if CΦ

contains the all-one codeword, the running time of this algorithm will be at most n2m /2.)
In total, the running time of the decoder is O(Nan + n2m ), where a is the average output
degree of the LT code. For N large, the running time is dominated by O(Nan).
Depending on how we choose CΦ , the running time can be anywhere between O(Nam) and
O(Na2m ). Even in the worst case of O(Na2m ) the running time is by a factor of m better than
the running time of the BP algorithm over Fq (which is O(Nam2m )).
In contrast to the q-ary belief-propagation algorithm, the new algorithms offers a tradeoff
between the running time and the decoding capability.
G. Graphical interpretation of linear form decoding
Several parameters have to be chosen for Algorithm 1 and Algorithm 2. For Algorithm 2
the iteration profile defines how many iterations are spent at decoding C before switching to
decoding CΦ and back. In this section we give a graphical representation of linear form decoding
which gives us some clues on how to choose the iteration profile and which factors may influence
decoding performance.
We assume that a sparse graph code is used for C and consider part of the computation tree.
The upper-left corner of Figure 3 gives an example of a computation tree of height d = 2 which
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corresponds to 2 decoding iterations for C. Next, we consider the case that Φ consists of two
linear forms: Φ = {φ1 , φ2}. The lower part of Figure 3 shows the computation tree of 2 rounds
of Algorithm 2 where one round corresponds to decoding C and CΦ . The nodes of the graph
corresponding to φ1 and φ2 are drawn with a white and gray filling, respectively. The large black
squares correspond to the constraints induced by CΦ .
In Figure 3, C is decoded for d = 2 iterations and then CΦ is decoded. At this point
information between the two graphs corresponding to φ1 and φ2 is exchanged. We observe
that the constraints corresponding to CΦ introduce cycles in the graph. This happens even when
the graph corresponding to C is a tree as is the case in Figure 3. The length of these cycles is
easily shown to be 4 + 2d.
It is well-known that the presence of cycles deteriorates the performance of BP-based decoding
algorithms. Hence it is of importance that we do not choose the number of iterations spent
in decoding C too small since it directly corresponds to the length of the cycles created.
Experimental results confirm that especially for the first few rounds d should not be chosen
too small.
Note that in Algorithm 1 we only perform decoding of CΦ at the final step and there is no
issue there. For Algorithm 2 there is a trade-off between the gain the exchange of information
between the graphs of linear forms can give us and the deterioration of performance due to the
introduction of cycles.
III. N UMERICAL

RESULTS ON THE

q- ARY

SYMMETRIC CHANNEL

In this section we describe some explicit constructions and give the results of numerical
experiments. As mentioned in an earlier section we use an LT code for Cq and we perform
experiments with several choices for CΦ . We limit ourselves to the q-ary symmetric channel
(q-SC) in this paper. This should not be seen as a limitation of our techniques since the q-SC
shares the most important properties with more practical non-binary channels. For instance the
PID capacity of the q-SC is less than its capacity. The restriction to the q-SC allows us to focus
on linear form decoding itself.
The q-SC takes a q-ary symbol as its input and outputs either the unchanged input symbol,
with probability 1 − p, or any of the other q − 1 symbols, with probability

p
.
q−1

The capacity of

IEEE TRANSACTIONS ON COMMUNICATIONS, VOL. X, NO. X, X 2010

1

q-ary BP
[15, 4] Hadamard
[7, 4] Hamming

0.1
symbol error rate

12

0.01

0.001

0.0001

1e-05
0.6

Fig. 4.

0.65

0.7

0.75
1-p

0.8

0.85

0.9

Performance of Algorithm 1 on the q-ary symmetric channel with q = 16 for K = 6000 and N = 15000.

the q-SC with crossover probability p is
Capq-SC = m − h(p) − p log2 (q − 1)
bits per channel use, where h(p) denotes the binary entropy function.
In this section, we present simulations results of an LT-code of block length N over F2m ,
whose parameters are (k, Ω(x)). We also compare its performance to q-ary belief propagation.
All experimental results were obtained using the output degree distribution
Ω(x) = 0.007690x + 0.493570x2 + 0.166220x3 + 0.072646x4
+0.082558x5 + 0.056058x8 + 0.037229x9 + 0.055590x19
+0.025023x65 + 0.003135x66 .
1) Performance of Algorithm 1: Figure 4 compares the symbol-error rate (SER) of Algorithm
1 of an LT code over the field GF(24 ). Furthermore, K and N are chosen as 6000 and 15000,
respectively. The number of BP iterations is 80. For CΦ the [15, 4]-Hadamard code and the [7, 4]Hamming code are used. We observe that once the SER is sufficiently low, the performance of
Algorithm 1 with the [15, 4]-Hadamard code approaches that of full BP decoding. For the [7, 4]Hamming code the performance is slightly worse. On the other hand Algorithm 1 performs worse
for high and moderate SERs. The threshold of q-ary BP decoding is significantly lower.
Figure 5 compares the symbol-error rate (SER) of Algorithm 1 of an LT code over the field
GF(28 ). For CΦ the [255, 8]-Hadamard code, a [29, 8]-code and a [17, 8]-code are used. The
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[17, 8]-code is obtained by shortening a cyclic [18, 9, 6]-code. The generator matrix of this code
is shown in Figure 6. The [29, 8]-code is obtained by shortening an extended [32, 11, 12]-BCH
code on three positions. The generator matrix of this code is shown in Figure 7. Both these
codes are optimal in the sense that they have the largest minimum distance given their length
and dimension. The results for low SERs are similar as for the field GF(24 ). For low SERs the
[255, 8]-Hadamard code has a SER comparable to q-ary BP decoding. The [29, 8]-code and the
[17, 8] perform slightly worse. However, the number of linear forms used for these two codes
is considerably smaller (29 and 17, respectively). This gives a decoding complexity which is
about ten times less compared to the Hadamard code. For low to moderate SERs Algorithm 1
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Iteration vector I

A

[100, 100, 100, 100, 100, 100, 100, 100, 100, 100, 100, 100, 100, 100, 100, 100, 100, 100, 100, 100]

B

[80, 80, 80, 80, 80, 10, 10, 10, 10, 10, 10, 10, 10, 10, 10, 10, 10, 10, 10, 10]

C

[20, 20, 20, 20, 20, 20, 20, 20, 20, 20]

The iteration profiles for Algorithm 2.

performs worse than the q-ary BP decoding algorithm as is the case for the field GF(24 ).
2) Performance of Algorithm 2: Figure 9 compares the SER performance of Algorithm 2 with
q-ary BP decoding of an LT code over the field GF(24 ). Furthermore, K and N are chosen as
6000 and 15000, respectively. As a reference, the performance of Algorithm 1 is shown as well.
The figure shows the performance of Algorithm 2 for several iteration profiles. These profiles are
labeled and defined in the table of Figure 8. In iteration profile A the total number of iterations
is 1500 and each C decoding phase consists of 100 iterations. Compared to the other profiles
the performance is best and a significant gain with respect to the performance of Algorithm 1 is
obtained. As expected the q-ary BP algorithm (80 iterations) performs best. However, Algorithm
2-A closes a large part of the gap between BP and Algorithm 1. Even though the total number
of iterations of Algorithm 2-A is larger than the number of iterations we have used for q-ary BP
decoding, the complexity of Algorithm 2-A is substantially less than q-ary BP decoding.
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Performance of Algorithm 2 on the q-ary symmetric channel with q = 16 for K = 6000 and N = 15000.
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q-ary BP
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Alg. 2-B [17, 8]
Alg. 2-B [29, 8]
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Performance of Algorithm 2-B on the q-ary symmetric channel with q = 256 for K = 6000 and N = 15000.

Algorithm 2-B and Algorithm 2-C use a total number of iterations of 550 and 200, respectively.
We observe that Algorithm 2-B performs almost the same as Algorithm 2-A. Algorithm 2-C
performs a little bit worse than Algorithm 2-A. However, the decoding complexity of Algorithm
2-C is less compared to the other two iteration profiles.
Figure 10 compares the SER performance of Algorithm 2 with q-ary BP decoding of an LT
code over the field GF(28 ) where K = 6000 and N = 15000. As a reference, the performance
of Algorithm 1 is shown as well. The figure shows the performance of Algorithm 2 for iteration
profile B where CΦ is chosen as the [17, 8]-code and the [29, 8] code. As with the field GF(24 ),
Algorithm 2 closes part of the gap between Algorithm 1 and BP. With respect to threshold of
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the code, the [17, 8]-code and the [29, 8] code behave the same. The [29, 8] code has a better
performance for low SERs.
IV. C ONCLUSION
We provided a class of algorithms for decoding binary codes on q-ary channels. In contrast
to the well-known q-ary belief-propagation algorithm, the new algorithm provides a tradeoff
between the complexity of the decoding and the decoding capability of the algorithm. Several simulation results have been provided to show the performance of the new algorithms as
compared to the q-ary belief-propagation algorithm.
It is important to note that our algorithms cannot be used when the underlying code is not
binary (i.e., if it is not the tensor product of a binary code with Fq ). On the other hand, one
cannot expect binary codes to perform as well as q-ary ones, so that the question arises to
what extent the algorithms of this paper are interesting for practical code design. One answer to
this question is that our algorithms are expected to perform well on non-standard channels, for
example channels that arise in compression algorithms. In fact, these algorithms were invented
for faster decoding of codes specifically arising in these applications. The algorithm is applicable
to any binary linear code, not just LT codes. In particular, if we have a binary code with an
efficient binary decoding algorithm, we can use the same code and the methods of this paper to
decode the code when used with q-ary symbols rather than binary ones.
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