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Abstract—A binary neural network is applied to the problem
of error correction. The neural network will be implemented
to correct both inversion and synchronization errors. Neural
networks have been used before to correct inversion and syn-
chronization errors, however, additional redundancy in the form
of markers or watermarks were added to aid synchronization
recovery. It is shown in this paper that it is not necessary to add
markers or watermarks to the transmitted sequence in order
to correct synchronization errors. A combination of inversion
and synchronization errors can also be corrected. A moment
balanced Low Density Parity Check (LDPC) code will be used
as a codebook.

Index Terms—binary neural networks, inversion errors, inser-
tion errors, deletion errors, resynchronization

I. INTRODUCTION

A loss of synchronization between the sender and the
receiver can be catastrophic. Synchronization losses, modelled
as insertions and deletions of bits, cause a shift in the entire
bit stream and make it impossible for the receiver to frame
codewords correctly. It is thus important to detect and correct
synchronization errors, even though the probability of their
occurrence is very low.

Substitution errors are more common and most research
focuses on detecting and correcting these errors by adding
redundancy to the transmitted sequence. Since synchronization
errors are less probable, one would not want to add too
much additional redundancy, other than that already used for
substitution errors, in order to correct errors which are not
that probable. It is however necessary to increase a codeword’s
capability to combat synchronization errors.

Methods of constructing codewords which are able to
combat synchronization errors include, amongst others, Lev-
enshtein codes [1] and comma-free codes [2]. In [3] it has also
been proposed to change the structure of a codeword by adding
additional bits in order for every codeword in the codebook
to have the same moment. This is called moment balancing.
More information about moment balancing will be given in
Section II. Moment balancing can be implemented in various
different coding schemes [3], however, in this article only
moment balanced LDPC codewords will be used. LDPC codes
are powerful, state of the art codes used to correct inversion
errors. Adding the moment balanced bits also enables the

LDPC codes to correct synchronization errors. We only used a
very simple example of balanced LDPC codes for exposition.

Neural networks were used to decode Hamming codes and
to correct inversion and synchronization errors in [4]. Addi-
tional markers were used to aid the synchronization process.
In [5] a watermark sequence was added to the information
sequence before transmission. The neural network recognised
the watermark in the received sequence and, based on the
position of the watermark, determined whether synchroniza-
tion errors occurred. No additional redundancy (for example
markers or watermarks) will be added in this article, except
for the redundancy already contained in the moment balanced
codewords.

It is assumed, as a first step, that only one type of error will
occur at a time, thus either a substitution, deletion or insertion
error. Then a combination of inversion and synchronization
errors will be considered.

This article is organised as follows: A brief overview of
moment balancing is given in Section II for readers who are
not familiar with this work. The codebook that will be used
throughout the rest of the article will also be given. How
the training data will be adapted for the different errors is
discussed in Section III and the structure of the neural network
that will be used is explained in Section IV. Section V contains
simulation information and the results are given in Section VI.
Section VII contains the conclusions.

II. MOMENT BALANCED CODES

This section will give a brief overview of moment balancing.
Interested readers can refer to [3].

Table I shows the codebook for a LDPC (7, 3) code, thus
codewords of length 7, from which 3 bits are information bits.
This is a very simple example of balanced LDPC codes for
exposition.

The moment of a codeword, xi, is defined as:

! =
n!

i=1

ixi = a mod (n+ 1) (1)

where i is the index of the particular bit xi.
For example: Let a = 0, in order to include the all zero

codeword. The moment of the codeword x1 = 0010111 is 21
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TABLE I
LDPC (7, 3) CODEBOOK

0 0 0 0 0 0 0
0 0 1 0 1 1 1
0 1 0 1 1 1 0
0 1 1 1 0 0 1
1 0 0 1 0 1 1
1 0 1 1 1 0 0
1 1 0 0 1 0 1
1 1 1 0 0 1 0

(thus 3 + 5 + 6 + 7) and applying the modulo function will
not give a value of a = 0. Additional bits need to be added,
so that the mod (n+ 1) operation results in a = 0.

The idea of moment balancing is to add additional bits to
the codewords to ensure that they all have the same moment,
a mod (n+ 1). Additional bits, known as balancing bits are
inserted at specific positions. The codebook in Table I can be
extended to a (11, 3) codebook, thus 4 additional balancing
bits are added. The additional bits are added to positions 1,
2, 4 and 8. The values of the balancing bits will be chosen
to ensure that the codeword is balanced after their addition.
The extended, moment balanced codebook is given in Table
II. This codebook will be used in the rest of the article.

TABLE II
MOMENT BALANCED LDPC (11, 3) CODEBOOK

0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 1 0 0 1 1 1
1 0 0 1 1 0 1 0 1 1 0
1 1 0 1 1 1 1 0 0 0 1
1 0 1 1 0 0 1 0 0 1 1
1 1 1 0 0 1 1 1 1 0 0
0 0 1 0 1 0 0 1 1 0 1
0 0 1 1 1 1 0 1 0 1 0

III. TRAINING DATA

The training data for inversion, deletion and insertion errors
will differ depending on the type of error the neural network
is designed to correct.

A. Inversion Errors

The complete codebook in Table II, without any changes,
will be used to train the neural network to correct inversion
errors.

B. Deletion Errors

The neural network needs to be trained with examples of
what the codewords will look like if a deletion error occurs.
The number of training examples in this group will depend on
the number of words in the codebook and the number of runs
in each codeword.

A run is defined as one or more consecutive, same valued
bits.

For example: the codeword ci = 1111011 has three runs. It
starts with a run of length 4 and value 1, followed by a run

of length 1 and value 0 and then a run of length 2 and value
1.

It is thus not necessary to have an example in the training
set of what a deletion in every bit position for every codeword
will look like. It is sufficient to have an example for every run
in every codeword.

For example, consider the codeword c1 = 00000100111
which consists of 4 runs. A deletion error in any of the first
5 bits will result in the same subword: c1 = 0000100111. To
train the neural network it is thus only necessary to show an
example of a deletion occurring in every run.

The size of the training set will thus be determined by the
cardinality of the codebook and the number of runs in each
codeword.

C. Insertion Errors

Similarly, a training set for insertion errors needs to be
prepared.

The channel model that will be used in this document is the
channel model proposed in [6]. Insertion errors are caused by
a bit being sampled twice at the receiver, thus random double
sampling. The inserted bit will thus always have the same
value as the previous bit in the bit sequence. An insertion of a
bit can thus not create a run in the codeword but only increase
an existing run. The channel model is given in Figure 1. The
inversion probability is given by Ps, the deletion probability
by Pd and the insertion probability by Pi.

Fig. 1. Channel model

The size of the training set will thus be the same as for
deletion errors and will depend on the cardinality of the
codebook and the number of runs in each codeword.

IV. NEURAL NETWORK STRUCTURE

The neural network consists of classifiers as explained in
[5] and [7]. Every classifier consists of a tuple and a voting
system. Tuples of length two will be used. Every possible
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tuple combination will be considered. The classifiers will be
divided into groups. Each group will be responsible to correct
a specific error.

Each codeword in the training set can be visualised as
a binary picture. The training sets containing deletions and
insertions will show what the picture will look like if it
was to be damaged. The neural network investigates all the
possibilities and each group of classifiers will vote for the
codeword which it believes has been received. The group with
the highest percentage of votes will win and a correction will
be made.

Let the received codeword be represented by cr and let n
be the length of the codeword. Then, the received codeword
to decode is:

cr = c0, c1, c2, . . . cn!1. (2)

The moment of the codeword is calculated. If the moment
is correct, it is assumed that an error did not occur. If the
moment is incorrect, the neural network will correct the error
in the received codeword.

In the scenario where only inversion errors are considered,
the codeword, cr will be used as input for the specific classifier
group. Bits from the codeword cr will be compared to the
relevant training data based on the tuple groupings.

For the scenarios where deletion and inversion errors are
possible, the decoding procedure will have two steps. One
group of classifiers will make the assumption that an inversion
error occurred. The input for this group will be cr. The second
group will assume that a deletion error occurred and the input
to the neural network will be an n!1 bit sequence cdel, where
cdel is defined as:

cdel = c0, c1, c2, . . . cn!2. (3)

The classifiers will compare the codeword cdel with the
training data generated for deletion errors. The group of
classifiers with highest percentage of votes as output will be
considered to have the correct assumption about the type of
error that occurred and a correction will be made accordingly.

The procedure will be similar if insertion errors are con-
sidered. The input to the classifiers assuming that an insertion
error occurred will be an n+ 1 bit sequence cins, where cins
is defined as:

cins = c0, c1, c2, . . . cn!1, cn. (4)

V. OUTLINE OF METHOD USED

Simulations will be used to show that the neural network
can detect and correct errors in the received bit sequence.

The transmitted sequence is formed by randomly choosing
codewords from the codebook given in Table I. The channel
model proposed in [6] will be used to introduce errors to the
transmitted sequence. The channel properties can be set to
introduce a specific type of error or a combination of errors.

The moment of each block will be used to determine
whether an error occurred or not. If the moment is correct

the receiver will continue to the next block. If it is incorrect
the block will be passed to the neural network to classify the
type of error that has occurred and to determine which of the
codewords has been received. More details on how the neural
network makes this decision is given in the previous section.

Lastly, the output of the receiver is compared to the trans-
mitted sequence to determine the bit error rate (BER).

To ensure that a good statistical average is obtained, the
simulation is repeated until at least 50000 errors are simulated.
It is thus necessary to repeat the simulation, thus simulate
more bits, as the error probability decreases. This is necessary
since the error probability of synchronization errors is usually
very small. The simulation thus ensures that enough data is
generated to ensure that, even at lower probabilities, enough
errors are simulated to get a good statistical average.

VI. RESULTS

Figure 2 shows the results if only one type of error occurs.
Thus, only inversion, insertion or deletion errors are possible.
The neural network does not have to classify the error, only
correct it.

The results for only inversion errors are much better since
an inversion error does not cause a shift in the bit sequence
and thus propagate to following codewords.
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Fig. 2. Decoding performance with different types of errors

Figure 3 shows the results if a combination of inversion
errors and deletion errors occur. The BER with deletion errors
and a fixed inversion error probability of pinv = 0.01 without
any error correction is also included to get an idea of how
erroneous the received sequence is. The effect of the deletion
errors can clearly be seen from the steep descent if the
probability of deletion errors at 10!3.

The probability of inversion errors are fixed while the
probability for deletion errors is indicated on the x-axis. The
neural network needs to determine that an error occurred,
classify the error as a deletion or an inversion and correct it.
Misclassification errors occur if a deletion error is classified

72



as an inversion and vice versa. Although the neural network
can recover from a misclassification error, as explained later,
it still causes an increase in the resulting BER, compared to
when only one kind of error occurs.
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Fig. 3. Decoding performance with deletion and inversion errors

Figure 4 shows the results if a combination of inversion
errors and insertion errors occur.
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Fig. 4. Decoding performance with insertion and inversion errors

It is clear that there is an improvement when the neural
network is used with a combination of errors. One can also
implement an outer code to improve the results further. The
codebook is an LDPC codebook and the next step would
thus be to use that structure to further correct any remaining
inversion errors after synchronization has been recovered.

The neural network can correct one error per codeword.
If more than one error occurs in a codeword, and the neural
network is not able to correct it, the error is propagated to the
next word. The error will be corrected in the next word if it is
an error-free word. Otherwise the error will propagate to the
next error-free word.

The same propagation effect will occur if a misclassification
error occurs. If a deletion error occurs and it is classified as
an inversion error, the deletion error will propagate to the next
error-free window. So even if synchronization is not restored
in exactly the same codeword, synchronization is restored
eventually.

VII. CONCLUSION

Neural networks can be used, without the additional aid
of markers or watermarks, to correct one inversion or syn-
chronization error per codeword. The codebook that is used
is a moment balanced LDPC codebook. A combination of
inversion and synchronization errors can also be handled as
long as the correction capability of one error per codeword
is not exceeded. If the correction capability is exceeded the
error will propagate until it can be corrected in a following,
error-free codeword.
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