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Abstract—We discuss the application of reinforcement learning
(RL) to problems associated with decoding binary linear codes.
In particular, we consider two different iterative decoding algo-
rithms that involve sequential decisions and apply RL to optimize
those decisions. For the first example, we consider bit-flipping
(BF) decoders and observe that learned BF decoders can offer
a range of performance-complexity trade-offs and achieve near-
optimal performance in some cases. For the second example, we
consider protograph low-density parity-check (LDPC) codes and
use RL to optimize the decoding schedule. Our results show that,
the comparison with the flooding schedule, a fixed error rate can
be achieved with fewer update operations.

I. OVERVIEW

The decoding of error-correcting codes can be seen as a
classification problem and solved using methods introduced
for supervised machine learning. The general idea is to treat
the decoder as a parameterized function (e.g., a neural net-
work) and learn good parameter configurations with data-
driven optimization [1]-[4]. Without further restrictions on
the code and decoder, these methods do not work well if
the codes have moderate length or if they are unstructured.
For linear codes, the problem simplifies considerably because
one has to learn only a single decision region instead of one
region per codeword. One can take advantage of linearity by
using message-passing [2] or syndromes [3], [4]. Still, the
problem remains challenging because good codes typically
have complicated decision regions due to the large number
of neighboring codewords.

This talk focuses on applications of reinforcement learning
(RL) [5] to problems in channel coding. Despite impressive
results in other fields, RL has yet to received significant
attention in this area. In fact, with the exception [10] and
recent work by the authors [6], no references were found that
discuss RL for channel coding. For a general survey of RL in
the general context of communications, see [11].

The unifying idea behind this work is that iterative decoding
algorithms can adjust their behavior based on their current
state. Thus, they can be modeled as sequential decision pro-
cesses and RL can be used to optimize their behavior.

The bit-flipping (BF) decoder was introduced in [7], [8]
and has been studied extensively in the literature. In [6], a
subset of the authors apply RL to optimize a sequential BF
decoder where, based on the syndrome, one bit is flipped in
each step [6]. Rather than learning a direct mapping from
observations to estimated codewords (or bits) in a supervised
fashion, decoding is done in steps and the problem is mapped

to a Markov decision process (MDP). Then, RL is applied to
optimize the choice of which bit to flip. Following [3], [4], this
approach is syndrome-based and the state space of the MDP is
formed by all possible binary syndromes. This also decouples
the decoding problem from the transmitted codeword. We also
consider a parallel BF algorithm where the decision to flip a
bit is based on the local neighborhood of that bit.

For the second example, we consider the belief-propagation
decoding of protograph low-density parity-check (LDPC)
codes. For these codes, the standard decoding schedule can
be inefficient. In particular, windowed decoding is known to
improve the performance—complexity trade-off of spatially-
coupled codes [9]. Thus, we employ RL to optimize the
decoding schedule and show that the optimized schedule can
achieve good performance with significantly fewer operations.

In summary, we believe that RL is a promising technique
for optimizing sequential decisions in decoding algorithms.
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