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ABSTRACT. To enhance the error-correction capability of neural network decoders for po-
lar codes and minimize the required memory overhead, this paper proposes a low-precision
successive cancellation (SC) decoding algorithm. The algorithm is assisted by deep neu-
ral networks and incorporates quantization and partitioning techniques. Specifically, it
quantizes the weights of the deep nmeural network decoder to a limited number of bits,
utilizing an 8-bit quantized input and output in the Q8.4 fized-point digital format for
all arithmetic operations, thereby achieving int8 computations. With quantization-aware
training, quantization errors are accounted for within the training loss, allowing the deep
neural network to effectively learn how to decode with reduced precision. The proposed
scheme, by employing fewer floating-point weights, reduces both memory overhead and
the number of floating-point operations. Simulation results indicate that the proposed de-
coder decreases memory usage and decoding latency while maintaining a slightly improved
bit error rate (BER) performance.

Keywords: Polar codes, Successive cancellation, Weight quantization, Deep neural net-
work, Partitioning

1. Introduction. Polar codes [1], introduced by Arikan, are celebrated for their out-
standing analytical properties and can be applied in various scenarios such as the Internet
of Things (IoT), edge computing, distributed Al training, and robot communications [2].
They have been designated as the control channel coding scheme for the fifth genera-
tion of enhanced Mobile Broadband (eMBB) due to their theoretical ability to reach the
Shannon limit under the SC decoding algorithm. However, despite the low computational
complexity of SC decoding, it is constrained by its serial nature, resulting in a decoding
process that is slow in throughput and high in latency. This limitation is shared with SC
List (SCL) decoding [3] and other improved SC versions [4]. As machine-type commu-
nication is expected to grow, the demands for ultra-reliable, low-latency, and low-power
consumption short block codes are anticipated to become more stringent in 5G and 6G [5].
Although increasing the list size can improve the frame error rate (FER) of SCL-based
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decoding for short-block polar codes, it results in sub-optimal area scaling in hardware
implementations.

There has been a growing interest in utilizing artificial intelligence (AI), particularly
deep learning (DL), for wireless communication and channel encoding and decoding since
[6] was published in 2016. Numerous studies have found that AI, and more specifically
DL, has the potential to outperform traditional analytical methods in the design of com-
munication systems [7, 8]. This is accomplished through the analysis of channel statistics,
the extraction of features from wireless networks, and the identification of optimal com-
munication algorithms — approaches that differ from traditional methods, which depend
on mathematical models and expert knowledge. Since Al-driven approaches can fully
capture real-world environments, they have demonstrated significant advantages in the
design and optimization of wireless systems, including the joint optimization of encoding
and decoding through end-to-end training [9].

Polar codes have been studied in conjunction with DL methods to assist conventional
decoding algorithms, as first introduced in [10]. This approach utilized DL to train the
edges of the Tanner graph for standard belief propagation (BP). Specifically, recurrent
neural architectures, deep neural networks (DNNs), long short-term memory (LSTM) net-
works, and convolutional neural networks (CNNs) have been employed in SC decoding or
its improved versions to enhance performance. For instance, the authors of [11] adopted
the design concept of partitioned decoders and concatenated multiple neural networks
with SC decoders to create a Neural SC (NSC) decoder, achieving equivalent decoding
performance. This concept is akin to that of [10], which utilized several neural networks
to substitute the sub-blocks of the BP decoder. In [12], a DNN is used to identify which
bits to flip in BP flipping decoding. The authors in [13] explored how CNNs could reduce
decoding latency. Since the aforementioned schemes are based on short blocks and are lim-
ited by the curse of dimensionality, [14] achieved scalability to arbitrary block lengths by
employing a fully differentiable graph neural network (NN)-based architecture for chan-
nel decoding. Generally, decoding longer codes requires a larger neural network size. Such
a network demands substantial computational resources during the training phase and
imposes high computational and space complexities during the inference phase. In partic-
ular, the complexity during the inference phase is of practical importance, as training is
typically conducted offline. To overcome the complexity challenges, LSTM neural networks
have been applied to sequential decoding of polar codes due to their excellent sequence
feature extraction ability and long short-term memory capabilities [15]. [16] achieved a
significant reduction in complexity by using NNs to improve the flip efficiency of SCL
decoding.

Generally, there are two prevalent strategies to mitigate the complexity introduced
by deep learning methods in SC decoding. The first is neural network pruning, which
aims to eliminate superfluous parameters from the original network while maintaining
accuracy. The second strategy, parameter quantization, involves reducing the precision
of neural network decoder parameters and decoding messages, including likelihood ratio
(LLR) values derived from channel observations.

Although the BER of the pruned model may approach that of traditional SC decod-
ing under high signal-to-noise ratios (SNRs), its performance significantly deteriorates in
low SNRs or long-code scenarios. This is because the pruning operation removes redun-
dant weight connections in the neural network, weakening its discriminative capability
against channel noise. The pruned network, due to its simplified structure, exhibits re-
duced adaptability to channel variations. Particularly when the code length exceeds 64,
pruning exacerbates the model’s dependence on the training data distribution, making it
difficult to generalize to new scenarios.
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Mapping continuous LLR values to a finite set of discrete values inherently results
in some loss of precision. In the context of neural network-based SC decoding of polar
codes, this precision loss can impact the training and prediction performance of the neural
network. To mitigate this precision loss, it may be necessary to enhance the complexity of
the neural network, for instance, by incorporating additional neurons or layers, which in
turn increases decoding complexity. Consequently, the LLR domain quantization scheme
must consider the trade-off between accuracy and complexity.

Considering that the neural network decoder utilizes floating-point numbers for train-
ing and pretraining, which necessitates the storage of numerous weights, the associated
floating-point operations are costly in terms of hardware and energy consumption. This
leads to increased memory requirements and time overhead. Therefore, quantizing the neu-
ral network decoder parameters by converting floating-point parameters and activation
values into low-precision integer representations can optimize the neural network. This
approach significantly reduces the consumption of storage and computational resources.
For SC decoding of polar codes based on neural networks, storing a large number of pa-
rameters as low-precision integers can substantially decrease the required storage space
and reduce the time cost of decoding.

However, quantization inherently introduces errors during the process, which may result
in reduced accuracy of the SC decoding for polar codes. To counteract these quantization
errors, it is necessary to use specific optimization algorithms to fine-tune the quantization
parameters, ensuring that the accuracy of the quantized model closely approximates that
of the original model.

In this paper, we propose a low-precision SC decoder for deep neural networks, which
incorporates quantization and partitioning techniques. The decoder is composed of mul-
tiple neural network layers connected in series with SC decoding. Our proposed scheme
aims to reduce floating-point operations and the number of weights, thereby optimizing
the complexity and performance of SC decoding within the context of deep learning.
Simulation results indicate that the proposed low-precision SC decoding algorithm for
deep neural networks achieves slight performance gains with reduced memory resource
overhead and lower decoding latency.

The remainder of this paper is organized as follows. Section 2 reviews the polar codes,
the original SC algorithm, and the neural channel decoding. Low-precision SC decoder
based on DNN is proposed in Section 3. Section 4 analyzes the decoding performance,
latency and weight storage. Conclusions are drawn in Section 5.

2. Basic Theory.

2.1. Polar codes and successive cancellation decoding. Polar codes are a type of
forward error correction coding method that relies on the polarization process. Through
polarization transformation of the original channel, channels with a capacity approaching
1 are considered noise-free and perfect for transmitting information bits, while channels
with a capacity approaching 0 are utilized for transmitting frozen bits.

For an (N K ,A,ug) polar code, A represents the index set of information bits w4,
while A9 denotes that of the frozen bits u§. SC decoding of polar codes is predicated on
sequentially processing u; for ¢ = 0,1,2,..., N — 1, under the assumption that all pre-
vious values of u; have been correctly decoded. Consequer%t)ly7 the decoder functions by

. % N—-1 ~i—1
computing the likelihood parameters LS\? (yo' ' agt) = W](Vi)(y?v_lﬂff_1|0),
Wy (v~ tag 1)

the sequence y = (Yo, y1, - - -,Yyn—1), which is a noise-corrupted version of z. Sequentially

upon receiving
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fori =0,1,2,..., N — 1, hard decisions on each u; are made according to the rule ; 2
0 if u; is a frozen bit
01fL(N1Al1)>1.
1 otherwise

2.2. Neural channel decoding. It is known that the deep neural network model can
be abstracted as a function that maps the input zo € R™ to the output y € RNt
using the formula y = f(x0;0). Here, 6 represents the optimal parametric solution for
the mapping between known inputs and expected outputs. The system framework and
architecture of the DNN decoder are depicted in Figures 1 and 2, respectively. Specifically,
the coded codeword x is mapped to the modulation sequence s through BPSK modulation,
as described by the equation s = —2x + 1.

L Encoder ad LIS s Channel J LI v,
Modulator Decoder

FIGURE 1. Framework of deep neural network decoder system

Hidden Layer-1 Hidden Layer-2 Hidden Layer-3

output

—>u,

Sigmoid

—» U,

FIGURE 2. Architecture of deep neural network decoder

After the modulated sequence passes through the channel, noise interference m is added,
resulting in the sequence y contaminated by noise. The receiving sequence y satisfies
the equation y = s +m. During the training phase of the neural network, the goal is
to minimize the loss function. Multiple training samples are used to adjust the neural
network weights and biases, thereby obtaining the mapping function f. In the testing
stage, the function f is used to estimate the new received symbols vector, a process known
as one-hot coding. The deep neural network decoder incorporates a Rectified Linear Unit
(ReLU) as the activation function in each hidden layer calculation unit for optimization.
This function is defined as freru(z) = max{0,z}. The activation function selected for the
output layer is the Sigmoid function, which readjusts the output to the range of [0, 1].
This function is chosen as gsigmoid(2) = i +2,Z. To evaluate the decoding performance, the
binary cross-entropy (BCE) loss function or the mean squared error (MSE) loss function
is used to assess the neural network. These functions are defined as follows:

LBCE———Z[b1n<> (1—b)In <1—6,~>} (1)
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Luss = %Z (b —b) )

where b; € [0,1] and b; € [0,1] represent the ith transmission information bit and the
ith estimated value, respectively. It is known that back propagation (BP) and stochastic
gradient descent (SGD) form the core technology pair in deep learning model training.
Specifically, back propagation calculates the gradients of the loss function with respect to
the layer parameters using the chain rule, while SGD iteratively updates these parameters
using the calculated gradients to minimize the loss function. Together, they ensure network
convergence. Therefore, this model employs this combination to minimize the loss function
until the network converges.

3. Proposed Low-Precision SC Decoding Algorithm Based on DNN. Normal-
ized validation error (NVE) is used to evaluate the performance of a trained model when
the training data is augmented with varying signal-to-noise ratio (SNR) noises. The ex-
pression for this is

BERNND (Pt, Pv,s)
BERMAP(,OU,S>

Here, p; represents the signal-to-noise ratio (SNR) of the specified training noise. The ex-
perimental SNR range chosen for this study is {—3, -2, —1,0,1,2,3,4,5,6}. The variable
S signifies the size of the verification data sets with a specified SNR for the verification
data sets. We use p, s to denote the verification set with an SNR of p,. This index is
utilized to assess the average bit error rate (BER) between the training data SNR and
the maximum a posteriori probability decoding across various verification data SNRs.

Figure 3 illustrates the NVE value of the DNN decoder with a training hidden layer
size of 128-64-32 and an epoch number of 2!6. Given that the FEj/N, distribution of the
training data spans {—3,—-2,-1,0,1,2,3,4,5,6}, the NVE value initially decreases and
subsequently rises, reaching its minimum at an SNR of 1. Consequently, the optimal SNR
for the training data is determined to be 1, at which point the neural network decoder
exhibits the best decoding error rate performance.

NVE(p) = > (3)
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FIGURE 3. NVE under different SNR
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3.1. Optimization of activation function. The Swish function is a novel activation
function introduced by Google [17]. It is characterized by its unsaturated, smooth, and
non-monotonic properties. The Swish function demonstrates exceptional performance
across numerous datasets. The graphical representation of the Swish function on the
positive half of the X-axis resembles that of the ReLU function. However, the Swish
function’s graph is smoother, which allows it to preserve the advantageous characteristics
of the ReLLU function on the positive half of the X-axis. Additionally, there are slight
smooth undulations on the negative half of the axis, which effectively mitigate the issue
of gradient vanishing caused by the constant value of 0. This contributes to enhancing
the training efficiency and the error-correction capabilities of neural network decoders. A
comparison of the graphical representations between the Swish function and the ReLLU
function is depicted in Figure 4, where the parameter value for the Swish function is set
to a = 1. The formula for the Swish activation function is as follows:

fswish(T) = x * sigmoid(ar) = ——— (4)
1+ e o
10
Swish
or RelU ]
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FiGURE 4. ReLU function image and Swish function image

As depicted in Figure 5, for the DNN decoder equipped with a (16, 8) polar code, the
BER performance between the RelLU activation function and the Swish activation function
exhibits minimal difference at low signal-to-noise ratios. However, at medium to high
signal-to-noise ratios, notably at 5 dB, the DNN decoder employing the Swish function
demonstrates a substantial performance enhancement. Overall, the FER performance
of the DNN decoder utilizing the Swish activation function surpasses that of the DNN
decoder using the ReLLU activation function.

3.2. Optimization of loss function. The traditional DNN decoder employs identical
weights for all N-bit decoding outcomes when calculating the loss function. This means
that each bit receives equal attention and is expected to predict the correct result uni-
formly. Consequently, when computing the derivative of back propagation through the loss
function, each bit is treated indistinguishably. However, this approach is akin to fitting
N random binary numbers and outputting a set of random numbers, which significantly
increases the network’s learning complexity.
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o Polar(16,8)
10° ¢
N — — — -FER(ReLU)
IR BER(RelLU)
SRl — 7— - FER(Swish)
TRs ¥o —— BER(Swish)

FER/BER

F1GURE 5. Decoding performance diagrams of two activation functions

Although neural networks can theoretically utilize any function, obtaining an optimal
function is challenging due to the requirement for numerous parameters. Most importantly,
even if any function can be used, there is no guarantee that the selected function can serve
as a polar code decoder. Polar codes, however, differ from other unstructured codes due
to their polarization properties, which result in a significant disparity in the importance
of decoding outcomes. To better assist neural networks in learning the characteristics of
a polar decoder, this paper proposes an improvement to the binary cross-entropy loss
function by adopting the weighted binary cross-entropy (WBCE) loss function. Specifi-
cally, the loss function value corresponding to the estimated value of each bit during the
decoding process is multiplied by a corresponding coefficient to achieve the effect of dif-
ferent weights for samples. Simulation results demonstrate that this approach enables the
neural network to learn to become a more effective polar decoder and exhibits superior
generalization capabilities.

The improved weighted loss function multiplies the value of the loss function corre-
sponding to the decoding result of each bit by the weight of the respective bit. The weight
value is determined by the BER performance of the corresponding bit. Therefore, bits
with a higher BER have a more significant impact on the loss function, while those with
a lower BER have a less impact, more accurately replicating the decoding characteristics
of polar codes.

In AWGN channels, the bit error probability of a channel P (WJ(G)) can be obtained

through Gaussian approximation, where the variable W](VZ) represents each polarized sub-
channel. We sort the bit error probabilities of all channels in ascending order and select
the subscripts of the smallest k£ elements as the positions of the transmitted information
bits. After obtaining the bit error probabilities of the channels, we can express the weight

coefficient of the loss function corresponding to the ¢th bit as w; =1 — P (W](\?)

This implies that for bits with low theoretical error probabilities, the contribution of
the loss function due to its decoding error should be greater than that for bits with high
bit error probabilities. The corresponding improved binary weighted cross entropy loss
function expression can be described as

Lo (w;) = —%Z [ban () + (1 by (1-5,)] (5)

2
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For the DNN decoder of a (16,8) polar code, the BCE loss function and WBCE loss
function are employed for network training, respectively. Figure 6 illustrates that there
is virtually no difference in BER and FER performance when the SNR is in low regions.
However, at high SNR levels, particularly between 4dB and 5dB, the performance of
the DNN decoder utilizing the WBCE loss function is enhanced to a certain degree.
Furthermore, Figure 7 demonstrates that during the training of the DNN decoder for a
(16, 8) polar code, the improved weighted binary cross-entropy loss function converges
more rapidly than the standard binary cross-entropy loss function. This occurs because
the weighted cross entropy loss function can more effectively balance the weights of various
categories during the training of neural network decoders, thereby improving the model’s
generalization ability and classification effect, allowing the neural network to better learn
the characteristics of polar codes.

o Polar(16,8)
107
N BCE-FER
— — —-BCE-BER
—<— WBCE-FER
— </— -WBCE-BER
¥~
107F Te~o
Y~
o4
w
Q
o
w
[T
2|
10
o
NN
NN
NN
NN
N
v
107 :
0 1 2 3 4 5
Eb/N0

FI1GURE 6. Decoding performance diagrams of two loss functions

0.7

------------- Binary Cross-Entropy
Weighted Binary Cross-Entropy

Epoch x10%

FIGURE 7. Two loss functions of DNN decoder
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3.3. Weight quantification of DNN decoder. Given that it must store neural net-
work weights and a variety of data types, memory usage leads to increased energy con-
sumption. It is understood that the floating-point operations required result in higher
memory resource and time overheads, which in turn limit the amount of data that can
be processed in parallel. Inspired by [18], the proposed decoder reduces memory resource
overhead by quantizing the weights to a limited number of bits. All arithmetic opera-
tions are conducted using an 8-bit quantization input and output in the Q8.4 fixed-point
digital format. Consequently, weights can be stored in an 8-bit fixed-point data format,
which employs t — 1 bits to represent the decimal part and one bit for the sign, where
t is the number of bits allocated for quantization. In the fixed-point data format, the
bit width and resolution directly influence calculation accuracy. A wider bit width and
higher resolution can enhance computational accuracy, but they also increase computa-
tional complexity and power consumption. Since the proposed scheme requires quantizing
the neural network to enable int8 calculations, the number of bits ¢ used for quantiza-
tion is set to 8. Moreover, an int8 is an 8-bit signed integer, where one bit is used to
represent the sign and the remaining 7 bits represent the value. Consequently, an int8 oc-
cupies 8 bits, or one byte of storage space, effectively reducing memory resource overhead.
To mitigate the impact of quantization on BER performance post-training, quantization
perceptual training is adopted, allowing quantization errors to be incorporated into the
training loss. This enables the neural network to learn how to decode with limited accu-
racy. Since TensorFlow does not support local training with less than 8 bits, quantization
errors are introduced into the neural network using a fake quantization function, and the
quantization process is illustrated in Figure 8.

Input(float)

8-bit fake quantizati
8-bit fake quantization 1t fake quantization

Dot Activation Output

1

8-bit fake quantization

Weights(float)

N-bit fake quantization

F1cURE 8. Weighted quantization data flow of DNN decoder

The fake quantization function is a deep learning tool that emulates the effects of
quantization, supported by mainstream frameworks such as TensorFlow and PyTorch.
During model training, it replicates the numerical truncation and rounding errors associ-
ated with low-precision quantization (e.g., 8-bit integers), allowing model parameters and
activations to adapt to precision loss induced by quantization in advance. This, in turn,
enhances deployment efficiency.

3.4. Low-precision DNN-SC decoding algorithm. The complexity of employing
neural networks directly as decoders increases exponentially with the growth of infor-
mation bits. Inspired by the partitioning concept of the neural network-aided SC decoder
(NNSC) proposed in [11], polar codes are segmented using neural network decoding, assist-
ed by the traditional SC decoder. The selection of information bits for polar codes is dic-
tated by the channel structure. Typically, the number of segments is chosen based on the
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specific implementation of the SC algorithm and the characteristics of the hardware archi-
tecture. Generally, the number of segments should be a power of two to facilitate recursive
computation. Consider an (8,4) polar code with the information bit index set {3,5,6,7}
and a (16,8) polar code with the information bit index set {9,10,12,7,11,13,14,15} as
examples for dividing the long code. If the (16,8) polar code is divided into two 8-length
code blocks, the distribution of information bits can be observed in Table 1.

TABLE 1. Information bit distribution of polar codes partitioning

Partitioning Information bit Code rate
[0-7] {7} 0.125
[8-15] {9,10,11,12,13,14,15} 0.875

As indicated in Table 1, the (16,8) polar code is split into two 8-length codes with
a code rate of 0.125 for the first block and 0.875 for the second block. These codes are
trained through partitioning and subsequent splicing. Given the structural properties of
polar codes, partitioning and splicing necessitate the use of the traditional SC decoding
architecture. The SC decoder involves the splicing of computing units, where each unit,
consisting of 2 inputs and 2 outputs, encompasses two functions: f and g. The f function
can be computed solely based on the two y inputs, whereas the g function requires not
only the two y inputs but also the output of the f function. Taking the code block of
length 8 as an example, the model and flow chart of the DNN-SC decoder are depicted
in Figures 9 and 10. The computations for functions f and g are as follows:

LLRG™Y (yd 1, a2~ 2)
LLR N/2 1 ~2i— ~21—2 LLR N—1 ~2i—2
N/2 » 0,0 o Uo,e N2 \Yny2 » Uose
5 - tanh 5

(6)

= 2tanh ! tanh

LLR(Q’L)( N-1 agz 1)
= (1) LLRY), (0 68,2 @ a3 ) + LLRY, (v a3 ) (7)

For an (N, K) polar code, the encoded sequence x derived from u is used for training,
corresponding to an N-bit input and output, which is divided into two parts for separate
training. The training set for the first DNN decoding partition module is the result of the
f calculation for each y, and the training label is the first K bits of z. As for the second
DNN decoding partition module, its training set is the result of the g calculation for y.

Z:\l1 — f Y1
212 ] Low-Precision f Y2
v, —] DNN Decoderl P v
U, f Ya
2,5 . 9 Ys
l:l(, — Low-Precision 9 Y6
u, DNN Decoder2 (9 Y7
;1 s —\J9 Ys

FIGURE 9. Decoding model of low-precision DNN-SC algorithm
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Low-Precision
DNN Decoderl

l
Recoding

. Low-Precision
g-Calculation 4” DNN Decoder2 %

FiGURE 10. Decoding flow of low-precision DNN-SC algorithm

h% f-Calculation —»

After the first DNN decoding partition module is recorded, its training label becomes
the last K bits of each codeword z. This is because the number of information bits and
the number of neurons in the two partition decoding modules are different, specifically
128 and 256, respectively. Finally, the decoding result can be obtained by combining the
outputs from the two DNN decoding partition modules.

4. Simulation Results and Analysis. We adopted the Kreas DNN framework. The
neural network decoder was designed and implemented using the TensorFlow backend,
employing the Adam gradient descent optimization algorithm with a learning rate of 0.001
for training. To obtain suitable training and validation datasets, we initially generate 1
million random information sequences and encode them into polar codewords for AWGN
channels. White Gaussian noise is then imposed on the encoded data, and subsequently,
the correctly decoded codewords are compiled. The LLR values, frozen bit patterns, and
correct codewords are compiled within the SC decoder. These random codewords encom-
pass sub-block decoding outcomes under various frozen bit patterns and different Ej, /N
ratios. Thereafter, 90% of the random codewords are designated as training sets, while
the remaining 10% serve as validation sets. The number of training epochs and batch size
are set to 2'6 and 256, respectively.

4.1. Decoding performance analysis. We compare the BER performances of the pro-
posed decoder with those of the DNN [10], NNSC [11], SC, and BP decoders for (16, 8)
and (32, 16) polar codes, respectively. The BER curves are shown in Figures 11 and 12.
Figures 11 and 12 illustrate that the BER performance diminishes when employing
a DNN decoder directly. The BER performance of a DNN decoder with a codeblock

—<—sC
—%*— BP,iter=40
—2A— DNN Decoder
—+—NNSC
—P— the proposed

FIGURE 11. BER performance with a (16,8) polar code under different decoders
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10™
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Ficure 13. BER performance comparison of polar codes with different
code block lengths (N = 128, 256, 512) under various decoders

size of 16 is comparable to that of a BP decoder with 40 iterations. In contrast, the
BER performance of the SC decoder is marginally superior to that of both the neural
network decoder and the BP decoder. Nevertheless, the decoding performance of the low-
precision DNN-SC decoder proposed in this paper surpasses that of the SC decoder and
the NNSC decoder. Notably, at high SNR regions, the performance improvement is sub-
stantial. Compared to the NNSC decoder, the proposed decoder achieves a performance
gain of approximately 0.20 dB at a BER of 2 x 1072, and a performance gain of 0.16 dB
at a BER of 5 x 1073,

Additionally, we also investigate the decoding performance of longer code blocks of polar
codes under the proposed scheme. Figure 13 demonstrates that the BER performance
comparsion of the proposed low-precision DNN-SC decoder with NNAD [19] and DL-
FSC [20] decoders under the blocklengths 128, 256 and 512. Specifically, DL-FSC is a
deep-learning-aided fast SC (DL-FSC) decoding algorithm which partitions SC decoder
into multiple sub-DL decoders and connects them through the SC decoder. Although
the decoder can support polar codes with any code rate under a certain code length to
improve the decoding rate, it needs consume more logical resources. NNAD is also a neural
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network-assisted decoding scheme (NNAD) that utilizes neural networks to decode special
and key bit-based subcodes. The above decoding schemes are both based floating-point
arithmetic. From the simulation results, we can see that the proposed scheme performs
better than DL-FSC and is slightly suboptimal to NNAD but with a lower complexity.

4.2. Analysis of decoding latency and weight storage. For an N-length polar code
and the number of BP iterations I, the latency of BP decoding can be expressed in
time steps as Tpp = 2[log,N. From [1] and [11], it is known that the latency of SC
decoder and NNSC decoder with stage index S can be expressed as Tsc = 2N — 2
and Tynsc = %(T +1)+ 22% — 2, respectively. The decoding latency required by the
proposed low-precision DNN-SC decoder is the same as that of the NNSC decoder. The

available time steps can be expressed as Tproposed = Nﬂo <log Nﬁo + T+ 1) with the size of

the code partition block Ny and the number of hidden layers 7" in the network. Neural
network decoders are trained and coupled with the SC decoding algorithm, and their
decoding performance and latency are related to the number of subblocks in the proposed
scheme. In general, using more subblocks can improve decoding performance because it
provides more decoding information and greater error correction. However, employing
more subblocks also increases the complexity and computation of the neural network,
resulting in higher latency and power consumption. Therefore, selecting the appropriate
number of subblocks is a trade-off process that can be evaluated from simulation results.
For a (32,16) polar code, the latency of various decoders is shown in Table 2.

TABLE 2. Decoding latency (time steps)

Algorithm BP SC NSC Proposed
Latency 400 62 10 9

From Table 2, we can see that the proposed decoder requires 10% fewer time steps
and 85.4% fewer time steps than the SC decoder when compared with the NNSC de-
coder at a stage index S of 4. Table 3 illustrates that the proposed decoder, employing
weight quantization, utilizes an 8-bit quantization in the Q8.4 fixed-point digital for-
mat for training a (16, 8) neural network decoder. This approach reduces the weight of
the neural network decoder and diminishes the high memory requirements associated
with floating-point decoding. From Table 4, it is evident that the proposed scheme’s
calculations are faster and less complex than those using DL-FSC or NNAD decoders,

TABLE 3. Weights of different quantization schemes

Hide layer size (512,256,128) (128,64,32) (128,64, 32)
Weight type float float int8
Size (bytes)  716800(100%) 73728(10.3%) 12888(1.8%)

TABLE 4. Reduction gain in computational complexity of different decod-
ing schemes relative to conventional SC decoding algorithm

Reduction gain per block length (bits)

Decoding scheme

128 256 512
DL-FSC 56.19% 57.23% 58.42%
NNAD 34.21% 36.07% 37.85%

The proposed scheme 74.06% 75.51% 76.61%




780 J. SHEN, C. YUN, W. WANG AND G. LI

which are both deep learning-aided decoding schemes employing high-precision floating-
point arithmetic. The reduction in relative computational complexity is expressed as
((Cse(N) = Cimprovea(N)) /Cse(N)), where Cimproved(IN) represents the computational time
of the DL-FSC, NNAD, or the proposed scheme, respectively. Table 4 indicates that the
proposed scheme reduces computational complexity by approximately 75% compared to
the original SC decoding algorithm, which is higher than the 58% and 35% reductions
achieved by the DL-FSC and NNAD schemes, respectively. This clearly demonstrates
that the proposed scheme can significantly decrease the computational complexity in po-
lar codes decoding.

5. Conclusions. Combining the concept of partitioning, the proposed scheme initially
segments a polar code into multiple blocks and decodes them using neural networks within
the SC decoding subtree. Neural network decoders are then employed to partially substi-
tute the traditional serial cancellation decoding in the subsequent layers. The proposed
decoder is implemented by quantizing the weights of the deep neural network decoder to
a limited number of bits. Subsequently, 8-bit quantized input and output in Q8.4 fixed-
point digital format are utilized for all arithmetic operations, enabling int8 computation.
Additionally, with quantization-aware training, quantization error is incorporated into the
training loss, allowing the neural network to effectively learn how to decode with limited
precision. Simulation results indicate that the proposed algorithm not only enhances BER
performance to a certain extent but also achieves lower decoding latency while reducing
memory overhead.

However, quantization errors are inevitably introduced during the quantization of DNN
parameters, which may degrade the performance of SC decoding, particularly in high-
precision application scenarios. Consequently, we plan to explore an adaptive strategy
that can dynamically balance the trade-off between accuracy and performance in future
work.
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