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Abstract. The convolutional neural network (CNN) decoder for general
convolutional decoding is proposed. The parameters of CNN are deter-
mined by the initial state of each input block and the constraint rela-
tionship between adjacent bits is extracted by the convolutional layer
as the constraint features. Then CNN decoder realizes decoding process
through the extracted constraint feature instead of codewords directly.
The result shows that, without changing the structure of decoder, the
decoding performance of CNN decoder on different convolutional codes
is equivalent to Viterbi soft decoding algorithm. Compared with Viterbi
decoding, the larger constraint length or the lower SNR, the greater gain
can be obtained in CNN decoder. Besides, we consider CNN trained by
the two kinds of training sets in order to further investigate the potential
and limitations of CNN decoder with respect to decoding performance,
analysing the advantages and factors of these two kinds of training sets.
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1 Introduction

Convolutional codes are linear codes with a very distinct algebraic structure,
which assign code bits to an incoming information bit stream continuously in
a stream-oriented fashion. As an important channel coding technology, convo-
lutional codes have been widely used in communication systems such as GSM,
WCDMA, CDMAZ2000, and broadcasting.

In recent years, deep learning methods have developed rapidly and applied to
all layers of communication systems to greatly improve the performance, includ-
ing channel decoding. In [1] the author revisits the idea of using deep neural
networks for one-shot decoding of random and structured codes. It provides
that neural networks can learn a form of decoding algorithm, rather than a sim-
ple classifier. In [2] the author proposes a deep learning method for improving
the belief propagation algorithm. The method generalizes the standard belief
propagation algorithm by assigning weights to the edges of the Tanner graph.
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In [3] it introduces a recurrent neural decoder architecture based on the method
of successive relaxation. The results demonstrate that the neural belief propa-
gation decoder can be used to improve the performance, or alternatively reduce
the computational complexity, of a close to optimal decoder of short BCH codes.
In [4] it shows that the conventional iterative decoding algorithm for polar codes
can be enhanced when sub-blocks of the decoder are replaced by neural network
(NN) based components. In [5] the author proposes an iterative belief propaga-
tion convolutional neural network (BP-CNN) architecture for channel decoding.
The results show that this architecture Iterating between BP and CNN can
improve the decoding signal to noise ratio (SNR) and result in better decoding
performance. [6] and [7] discuss an improved Viterbi soft decision method based
on artificial neural network, which can improve the efficiency of decision making
in comparison with other methods of decision making, in term of bit error rate
(BER). The [8-10] discuss the structure of convolutional code decoder based on
recurrent neural network. The results show that the neural network decoder has
lower complexity and better performance than Viterbi decoding.

However, most of the current research about convolutional decoding focus
on the a certain convolutional code, which cannot adapt to different convolu-
tional codes. With the rapid development of mobile communication, different
communication systems use different convolutional coding schemes (such as dif-
ferent code rates and constraint length). The traditional decoder, such as Viterbi
decoder, needs to be designed separately, which seriously increases the design
difficulty and cost at the terminal. In order to solve these problems, it is urgent
to consider a convolutional decoder with general architecture to autonomously
adapt to different convolutional codes.

In this paper, we propose a general convolutional decoder based on neural
network and analyze the decoding performance. Inspired by the receptive field
of convolution kernels, we consider CNN to realize convolutional decoding pro-
cess where the parameters of CNN decoder is determined by the initial state
of each coding block, thus ensuring the integrity of adjacent bits between two
coding block. Besides, the convolutional layer is adopted to learn the constraint
relationship of the convolutional code, so the CNN decoder realizes decoding pro-
cess on the basis of learned constraint features, instead of directly the received
sequence. The results show that the CNN decoder can adapt to different con-
volutional codes without changing the structure, and decoding performance is
better than Viterbi soft decoding. Besides, we analyse the advantages and factors
of received-sequence training sets and error-pattern training sets.

The rest of this paper is organized as follows. Section 2 proposes the scheme
of decoder, which is carried out from four aspects: system model, training set
generation, decoding process and convolutional neural network design. Section 3
presents the performance comparison of the CNN decoder trained by different
training sets and simulation about general decoding capability. Conclusions are
drawn in Sect. 4.
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2 Neural Network Decoder

This section introduces the neural network decoding system model, training set
generation, decoding process and the CNN decoder structure design. The princi-
ple of decoding process and implementation of CNN decoder are also explained
in this section.

2.1 System Model

Block 1

\
O

o=
el

Encoder | Modulation —#» Channel —» ——»

‘(‘l\‘ B
N
DS

=
L

Block 3 N_ -

. . CNN-decoder
Information bits Decoding results

Received sequence

Fig. 1. System model.

This section introduces the system model from the perspective of neural net-
works. System model is shown as Fig.1. The information bits sequence m is
sent to the receiver via the encoder, modulation and channel. At receiver, the
decoding results can be expressed as:

= D(R) (1)

where R denotes the received sequence, D(-) denotes mapping of the decoder, and
m denotes the output of the decoder. In the neural network decoder, decoding
mapping is learned from the training sets, which is stored as the weight parame-
ters in the neural network. The received sequence R is segmented into blocks of
fixed length that decided by the window size of decoder. One block denoted as
r=[r1,r2,...,7%)7 is an input vector for neural network, where k is the window
size of decoder. For neural nodes in the input layer, the net input, written as v,
representing the weighted sum of the input vector, can be expressed as:

k
U:Zwirier:wT'rer (2)

i=1
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where w = [wy,wa,...,wg]T is a k-dimensional weight vector, and b denotes
bias. The activation value of the neural node is generated via passing v through
the activation function f(-). In order to learn the complex decoding mapping,
the neural network decoder connects many neural nodes by a certain hierarchical
structure. Given the parameter of the neural network decoder is @, the decoding
mapping of neural network can be expressed as:

= f(R;0) = fED(FED(LFO(R))) (3)

where L is the number of layers in the neural network, and is also called depth.

2.2 Training Set

This section presents the generation of two kinds of training sets. The neural net-
work decoder learns decoding mapping from the training sets and the training
sets decide the upper limit of the decoding capability. The reasonable selec-
tion and processing of the training set, for example adding error patterns, can
enhance the decoding capability of the neural network. Besides, the neural net-
work decoder can learn error correction capability from reasonable training set to
correct errors caused by transmission. For convolutional decoding, there are two
kinds of training sets: the error-pattern training set and the received-sequence
training set. The generation of them is shown in Fig. 2.

| | Add error- Error-pattern
pattern training sets
Information bits Encoder —® Modulation
Received-sequence
| »  Channel .. 4
traiming sets
| Label
L -

Fig. 2. The generation of the error-pattern training sets and the received-sequence
training sets.

The generation of the error-pattern training set is described as follows. Sup-
pose the length of information bits is p, then there are 2P kinds of codewords
without errors, and the length of codeword is ¢ (¢ > p). In the I-error pattern
training set, we consider all cases where only one bit error occurs in each block
and there are 2P x (C’('IJ + C’;) kinds of samples in this training set. In the 2-errors
pattern training set, we consider all cases where one bit or two bits error occur in
each block, and there are 27 x (Cf +CJ 4 C7) samples in this training set. In the
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r-errors pattern training set, the size of the training set is 27 x (32;_, C}). Each
encoded block is used as the input of the neural network, and the corresponding
uncoded information bits are used as the label.

The generation of the received-sequence training set is described as follows.
Each encoded block impacted by the channel is used as the input of the neural
network, and the corresponding uncoded information bits are used as the label.

The error-pattern training set considers all the correct cases and error cases,
and the difference between the error samples and correct samples is obvious and
clear. The learned decoding capability can reach to higher upper limit. In the
received-sequence training set, samples are labeled vaguely, where failing to label
correct and error samples clearly. But the generation of the received-sequence
training set does not require additional computational cost, which can reduce
the training cost. The neural network interface trained by these two training sets
is shown in Fig. 3, the color depth represents the probability of decoding results,
yellow means the decoding result is 7 and blue means the decoding result is 0.

Error-pattern training sets Received-sequence training sets

Fig. 3. Neural network interface trained by the error-pattern training sets (left) and
the received-sequence training sets (right). (Color figure online)

2.3 Decoding Process

This section presents the decoding process of the neural network decoder. In the
process of convolutional code encoding, due to the existence of the shift regis-
ter, the convolutional code has strong constrained relationship between adjacent
bits. If the continuous convolutional code is directly grouped into the neural
network, the first and last bits of each block will lose the constrained informa-
tion, resulting in a very poor decoding capability. Therefore, decoding process is
required to realize the integrity of the input information between adjacent bits
during convolutional decoding.

The decoding process is shown in Fig.4. Taking the (2,1,3) convolutional
code as the example, the size of shift registers in the encoder is 2, and there
are four initial states 00, 01, 10, and 11 during encoding. When encoding, the
initial state of the block is decided by the last two bits of the previous block.
We train various neural network models corresponding the different initial states.
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Fig. 4. The decoding process.

In (2,1,3) convolutional code, there are four neural network models corresponding
four initial states. At the decoding process, we select the reasonable neural net-
work model according to the previous decoding result and determine this model
to complete convolutional decoding. Then repeat these operation in the next
decoding block. These operation can ensure the integrity of the input informa-
tion between adjacent bits of different blocks, and can also ensure the continuity
of the decoding result without repeated decoding or missing decoding. Besides,
every neural network model only corresponds to an initial state, thus the learn-
ing pressure for decoding mapping can be reduced, avoiding the neural network
model being too complicated and redundant.

2.4 Convolutional Neural Network Design

This section presents the advantage of the CNN in convolutional decoding and
the design of the CNN decoder. During the decoding process, the feature of
codeword is firstly extracted by the convolutional layer, which is affected by the
constraint relationship, named Constraint feature. Then CNN learns the decod-
ing mapping from the extracted constraint feature. Compared with learning
from codewords directly, it can ensure the integrity of continuous information
preferably and does not cut the constraint relationship between adjacent bits.

In convolutional code, there is a certain constraint relationship between adja-
cent bits because of the shift register. The decoding process is equivalent to return
the codeword to original information bits through the constraint relationship.
Figure 5 shows the constraint feature of the (2,1,3) convolutional code. The bit that
affects a batch of codewords is named as the key bit of corresponding sequence. In
Fig. 5, the constraint length is 3, the key bit affects 6 continuous bits of codewords
at most and we regard these 6 bits as the receptive field of the convolution kernel.
The convolution kernel can learn the mapping between the key bit and the code-
word. For decoding, the convolution kernel extracts the constraint feature from
codewords via a certain receptive field range, and the constraint feature determines
the value of the key bit, outputting as the decoding result.
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Fig. 5. The constraint feature learned from the codeword by the convolutional kernel.

The structure of CNN decoder is designed as Fig. 6, including an input layer,
a convolutional layer, a flatten layer, a fully connected layer and an output
layer. The size of input vector is 1 x 24, i.e., the window size of CNN decoder is
24. In the convolutional layer, the convolution kernel realizes feature-extraction
by one-dimensional convolutional operation with size 1 x 10 and number 150.
Feature maps, with size 1 x 15 and number 150, can be obtained via the convo-
lutional layer. The single feature map represents the learned constraint feature.
The flatten layer converts the multidimensional feature maps to one-dimensional.
Through the fully connected layer and output layer, the size of vector changes to
1 x 12, which represents the decoding results. In addition, the RMSProp (root
mean square prop) algorithm is used to update the parameters to accelerate the
convergence. The Dropout and Early-Stopping strategies are adopted to avoid
over-fitting problems.

3 Performance

This section compares the training results of different training sets and simulates
the general decoding capability of the CNN decoder for different convolutional
codes. The measure of decoding performance is BER.
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Fig. 6. The structure of CNN decoder.

3.1 Parameter Setting

In the simulation, we consider the error-pattern training sets including I-error,
2-errors, 3-errors and the received-sequence training sets affected by the SNR
from 2dB to 7dB. The specific simulation parameters are shown in Table 1.

3.2 Simulation Result

This section gives the comparison of different training sets based on (2,1,3)
convolutional code and the decoding performance of CNN decoders on (2,1,3),
(2,1,5), (2,1,7), (2,1,9) convolutional codes, which are compared with the Viterbi
decoding algorithm. Besides, the influence of constraint lengths on the decoding
capability is considered.

Figure 7 shows the performance of the decoder trained by received-sequence
sets with different SNR and Fig. 8 shows the performance of the decoder trained
by error-pattern training sets with different error numbers. The results show
that the received-sequence training sets with lower SNR can lead to better per-
formance of CNN decoder and too many errors lead to confusion in the error-
pattern training set, resulting in the poor performance of CNN decoder. For
received-sequence training sets, there are less errors of received sequence dur-
ing the transmission with higher SNR, therefore the error correction capability
learned from the training sets will be weaker, causing the higher BER. For con-
volutional codes, because of the fixed constraint length, their error correction
capability is limited. Too many errors have exceeded the error correction capabil-
ity and lead to confusion in the training sets, resulting in the poor performance.
For (2,1,3) code, the CNN decoder trained by Z2-errors pattern sets has better
decoding performance.
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Table 1. Simulation parameter

Parameters

Value

Training set

Error-pattern training set

Received-sequence training set

Training set size® 100,000
Test set size 1,000,000
Modulation BPSK
Channel AWGN

Convolutional code

(2,1,3), (2,1,5), (2,1,7), (2,1,9)

Generator polynomial

[5,7], [23,33], [133,65], [753,561]

Decoder window size 24
Convolution kernel size 1x10
Convolution kernel number | 150
Fully connected neural nodes | 1,000
Decoder output size 12
Batch-size 1,000
Dropout rate 0.3
Early-Stopping steps 2

#Only list the received-sequence training set size. The error-
pattern training set size depends on the number of errors.

(a) .

100
2dB
3dB
1071 4dB
5dB
6dB
7dB
10'2 —O— uncoded | 7
107
o
L
m
104
10°
10
107 ; i } !
2 4 6 8 10
SNR (dB)

®)

1-error
2-errors
3-errors | 4

—O©— uncoded

2 4 6 8 10
SNR (dB)

Fig. 7. Decoding performance of the CNN decoder trained by received-sequence train-
ing sets (a) and error-pattern training sets (b).
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Fig. 8. Decoding performance comparison of the two training sets.

The comparison of the two kinds of training sets is shown as Fig. 8, where
the 2 dB received-sequence training set and the 2-errors pattern training set are
selected as representative, which perform better based on the previous analysis.
The results show that the received-sequence training sets perform better in lower
SNR environment and the error-pattern training sets perform better in higher
SNR environment. It is caused by the interface of trained CNN decoder. The
interface trained by the received-sequence training set is vague, bringing better
noise tolerance capability in low SNR environment. The interface trained by the
error-pattern training set is clear, bringing the more accurate decoding result
in high SNR environment. In order to analyze the upper limit of the decod-
ing performance, the error-pattern training set is considered in the subsequent
simulation.

Figure9 shows the BER of the (2,1,3), (2,1,5), (2,1,7) and (2,1,9) convo-
lutional decoding. The results prove that the CNN decoder can learn gen-
eral decoding capability, performing better than Viterbi decoding algorithm
for different convolutional codes. Besides, the longer constraint length or
lower SNR, the greater degree of improvement can be obtained on CNN
decoder. In order to compare easily, we set the each block on the initial
state of all-zero, and ignore these known bits information when calculating
BER. For (2,1,3) code, the decoding performance of CNN decoder trained
by Z-errors pattern training set is between Viterbi hard and soft decoding
algorithm. It should be noted that the performance of CNN decoder trained
by 3-errors pattern training set is poor because of the limited error correction
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Fig. 9. Decoding performance for (2,1,3) Convolutional Code (a), (2,1,5) Convolutional
Code (b), (2,1,7) Convolutional Code (c) and (2,1,9) Convolutional Code (d).

capability in (2,1,3) code. The performance of CNN decoder trained by the 2-
errors pattern training set is between Viterbi hard and soft decoding algorithm.
For (2,1,5) code, the decoding performance of CNN decoder trained by 3-errors
pattern training set is better than Viterbi soft decoding when SNR < 4 dB, and
slightly worse than Viterbi soft decoding when SNR > 4 dB. The performance
of CNN decoder trained by the 2-errors pattern training set is between Viterbi
hard and soft decoding algorithm. For (2,1,7) code, the CNN decoder trained by
the 3-errors pattern training set can obtain the better performance all over SNR.
About 0.2dB gain can be obtained compared to Viterbi soft decoding algorithm
when BER = 10~%. The CNN decoder trained by Z2-errors pattern training set
performs better than Viterbi soft decoding algorithm when SNR < 3 dB. For
(2,1,9) code, the degree of improvement on CNN decoder trained by the 3-errors
pattern training set becomes greater. We can obtain gain of about 1 dB com-
pared to Viterbi soft decoding when BER = 10~%. And the CNN decoder trained
by the Z-errors pattern training set performs better than Viterbi soft decoding
algorithm when SNR < 3.5 dB. In summary, the CNN decoder has better gen-
eral decoding capability for different convolutional codes. When the structure
of decoder is fixed, CNN decoder can realize decoding of different convolutional
codes without structure changed, and the decoding performance is equivalent
to Viterbi soft decoding algorithm, even better. Especially with the constraint
length long enough or under the low SNR environment, the performance gain of
the CNN decoder is greater.
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4 Conclusion

In our work, the CNN decoder for general convolutional decoding is proposed.
The parameters of CNN are determined by the initial state of each input block
and the constraint relationship between adjacent bits is extracted by the con-
volutional layer as the constraint features. Then CNN decoder realizes decoding
process through the extracted constraint feature rather than codewords directly.
We analyse the advantages and factors of two kinds of training sets, knowing
that the CNN decoder trained by received-sequence training sets obtains better
noise tolerance capability, performing better in low SNR, and the CNN decoder
trained by error-pattern training sets obtains better decoding capability, per-
forming better in high SNR. Besides, the simulation shows that the decoding
performance on different convolutional codes is equivalent to Viterbi soft decod-
ing algorithm without changing the structure of CNN decoder. Compared with
Viterbi soft decoding, the larger constraint length or the lower SNR, the greater
gain can be obtained in CNN decoder.
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