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Abstract:  Low-Density Parity-Check (LDPC) codes are a key error correction technique in  communication 

systems, ensuring reliable data transmission over noisy wireless channels. Traditional LDPC decoders, such 

as the Min-Sum algorithm, use fixed normalization (α)  factors to approximate belief propagation. However, 

these fixed parameters do not adapt to varying channel conditions, leading to suboptimal performance in real-

world scenarios. This project introduces a gradient descent-based approach to dynamically optimize α based 

on estimated Signal-to-Noise Ratio and Rayleigh fading conditions. The system predicts the optimal values 

for α  in real time, improving decoding efficiency and error correction performance. These predicted 

parameters are then used in the Min-Sum decoding process, reducing the number of iterations required for 

convergence and minimizing the Bit Error Rate. The proposed approach enhances the adaptability of LDPC 

decoding, significantly improves error correction performance, reduces decoding time, and adapts effectively 

to varying channel conditions. 

 

Index Terms - LDPC codes, error correction,  communication, Min-Sum algorithm, normalization factor, 

offset factor, belief propagation, Rayleigh fading, SNR, gradient descent optimization. 

 

I. INTRODUCTION 

The Optimized LDPC Decoding using Gradient Descent project is aimed at improving the efficiency and 

accuracy of LDPC (Low-Density Parity-Check) decoding in communication systems. LDPC codes are widely 

used in wireless communication for error correction, but traditional decoding methods suffer from performance 

limitations in dynamic environments. To address this challenge, this project integrates the Gradient Descent 

algorithm, to optimize LDPC decoding parameters and enhance overall system performance. 

The project involves simulating an LDPC encoding and decoding process, where received signals are 

processed through a noise channel and decoded using belief propagation. The optimization process uses an 

iteration approach to fine-tune parameters, thereby reducing bit error rates and improving decoding efficiency. 

The implementation includes key components such as Python-based simulations, NumPy for matrix operations, 

and Scikit-Learn for optimization processes. 

A major advantage of this approach is its adaptability to different noise conditions, such as Rayleigh fading 

channels, making it more effective than traditional fixed-parameter decoding techniques. By leveraging 

gradient descent for LDPC decoding, this project provides an innovative solution for enhancing error correction 

in modern wireless communication, ensuring better signal reliability and efficiency in data transmission. 

II. LITERATURE REVIEW 

The need for efficient error correction in modern communication systems has driven significant research 

into LDPC decoding optimization. Traditional LDPC decoding techniques rely on fixed-parameter belief 

propagation, which may not be optimal in varying noise conditions. This has led to the exploration of various 

approaches to enhance LDPC decoding performance. 

In order to increase the rate compatibility, proto-graph based raptor-like codes are introduced in [1]. The 

LDPC codes are standardized in [2], to optimize performance and hardware efficiency for 5G NR 

communication. Although the belief propagation (BP) algorithm achieves near-optimal decoding 
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performance, simplified versions like minimum-sum (MS), normalized MS (NMS), and offset MS (OMS) 

algorithms, employed and evaluated in [3] and [4], are preferred in practical applications due to their lower 

hardware complexity. [4] implements offset and normalized min-sum (OMS and NMS) algorithms for LDPC 

decoding in the ATSC 3.0 standard. These simplified algorithms, however, incur noticeable performance loss, 

especially under short code lengths and finite iterations. Efforts to optimize these algorithms have traditionally 

relied on density evolution and threshold analysis under ideal assumptions such as infinite code length and 

cycle-free graphs as implemented in [5]–[6]. Simulation-based optimization approaches are used in [7] and 

[8], but they are computationally expensive. Deep learning neural networks have been employed to improve 

performance even with simplified algorithms. Works such as [9]–[13] utilize deep neural networks to enhance 

BP and MS decoding performance by learning optimal update rules. In [14], a LAMS-based minimum-sum 

decoding approach is proposed that enhances LDPC performance in high-SNR conditions. The method 

leverages ML optimization to dynamically adjust decoding parameters, improving error correction. However, 

it requires extensive training and incurs computational overhead, limiting real-time applications. 

The performance of LDPC codes over the Rayleigh fading channel has been explored in [15] and [16]. 

Channel side information is leveraged in [17] to improve performance. Techniques such as diversity 

combining and importance sampling have been employed in [18] and [19]. The gradient descent algorithm 

has been implemented in [20] and [21] with moment encoding for good performance in adversarial channel 

conditions. In [22], LDPC coded MIMO systems are analysed using Gaussian approximation to understand 

diversity gains under Rayleigh fading. The noisy gradient descent bit flipping algorithm is further improved 

in [23] for better resilience in Rayleigh fading channels. 

III. SYSTEM MODEL 

The proposed system model is based on the 5G NR (New Radio) standard that utilizes LDPC (Low-Density 

Parity-Check) codes for error correction in the physical layer. The communication system includes a transmitter 

that encodes the input bitstream using an LDPC encoder and a receiver that performs decoding using the Min-

Sum algorithm. The transmission channel is modeled as a Rayleigh fading channel, which closely simulates 

real-world wireless environments characterized by multipath propagation and signal attenuation. 

The Min-Sum algorithm is a simplified version of the Belief Propagation (BP) algorithm. It approximates 

message passing by replacing complex operations with simple minimum computations. However, this 

approximation introduces performance degradation, especially in fading channels. To mitigate this, scaling 

factor α and offset β are introduced, forming the Scaled Min-Sum variant. 

These parameters significantly impact decoding performance, especially under varying SNR (Signal-to-

Noise Ratio) conditions. Improper tuning can lead to poor bit error rate (BER) performance. Therefore, 

optimizing these parameters adaptively according to the channel condition is critical. 

Given an LDPC-coded communication system operating over a Rayleigh fading channel, the goal is to 

minimize the BER by adaptively tuning the α parameter of the Min-Sum decoder. Traditional methods rely on 

fixed values or heuristic tuning, which do not generalize well to all SNR levels. The proposed solution, as 

described by Fig. 1 leverages gradient descent to learn an optimal mapping between channel conditions and 

decoding parameters. 

 
Figure 1. Block Diagram 

IV. METHODOLOGY 

The system design integrates gradient descent optimization algorithm into the traditional LDPC decoding 

framework. This approach is used to predict the optimal values of α  for the current channel condition. 

An LDPC code is defined by the parity check matrix H, with M rows and N columns, where M is the number 

of parity check constraints and N is the number of bits. K information bits, where K = N - M are encoded and 

transmitted through the channel. The length of the codeword is N, where K are the message bits and M are the 

parity bits. 
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The parity check matrix maps the relationship between the variable nodes, representing each bit, and check 

nodes, representing each parity check constraint using Tanner graph representation. A(n) is the list of all check 

nodes that are connected to the variable node n, and B(m) is the list of all variable nodes connected to the check 

node m. 

The K information bits are encoded and transmitted with BPSK modulation, Through the channel, Rayleigh 

and Additive White Gaussian Noise (AWGN) is added, and the log likelihood ratio is obtained at the channel 

output 𝑙𝑛
𝑐ℎ for each variable node n. 

During the initialization of the Min-Sum algorithm, 𝑙𝑛
𝑐ℎ is assigned as the value at each of the variable nodes 

and sent to their connected check nodes. During each iteration of message passing, the variable node sends 

𝑙𝑛→𝑚
𝑖  to its connected check nodes, governed by Eq.1. 

𝑙𝑛→𝑚
𝑖+1 =  𝑙𝑛

𝑖 − 𝑙𝑚→𝑛
𝑖  (1) 

 

Where i +1 is the current iteration, and i is the previous iteration. After receiving all the messages from the 

variable nodes, the check nodes send back to the variable nodes, the message obtained by Eq.2. 

𝑙𝑚→𝑛
𝑖 =  ( ∏ 𝑠𝑖𝑔𝑛(𝑙𝑛′→𝑚

𝑖 )

𝑛′∈𝐵(𝑚)\𝑛

) . 𝑚𝑎𝑥(𝛼𝑖. 𝑚𝑖𝑛𝑛′∈𝐵(𝑚)\𝑛(|𝑙𝑛′→𝑚
𝑖 |) +  𝛽𝑖, 0)(2) 

The output from the check nodes is added with the channel output by Eq.3 and the message at the variable 

node is hence obtained. 

𝑙𝑛
𝑖 =  𝑙𝑛

𝑐ℎ +  ∑ 𝑙𝑚→𝑛
𝑖

𝑚∈𝐴(𝑛)

(3) 

At the end of each iteration, the bits w are obtained and checked with the parity check matrix. If all 

constraints are satisfied, the message passing algorithm is stopped and the decoded codeword is obtained. If 

the constraints are not satisfied, another iteration of message passing takes place, until the maximum number 

of iterations. 

When all constraints are not yet satisfied after the maximum number of iterations, the Bit Error Rate is 

calculated by comparing the bits obtained at the variable node with the original codeword. 

Applying Gradient Descent algorithm as illustrated in Fig. 2, the slope is calculated and the value of α is 

updated according to the learning rate. If the minimum value is approached, or the number of iterations is over, 

the BER is reduced and the optimal value of α resulting in the least BER is obtained for the input conditions.  

 
Figure 2. Gradient Descent Implementation Flowchart 
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V. EXPERIMENTAL SETUP AND RESULTS 
 

All simulations are conducted in Python using the NumPy, SciPy, and scikit-learn libraries. The LDPC 

matrices are taken from the 5G NR standard defined by 3GPP (e.g., base graph BG1 and BG2). The BG2 

matrix of dimensions 42 x 52 is chosen, with lifting size Z = 64. The information length K is set to 640. The 

channel is modeled using Rayleigh fading with additive white Gaussian noise (AWGN). 

The primary performance metric is Bit Error Rate (BER) as a function of SNR. We compare our optimized 

decoder with the standard Min-Sum decoder over various SNR (Signal to Noise Ratio) values to compare their 

performances over different channel conditions. 

The experimental results obtained in Fig. 3 validate the effectiveness of the ML-optimized decoder over 

traditional techniques. The ML-optimized decoder exhibits significantly lower BER across all SNR values. 

The optimized scaling parameters dynamically adapt to varying noise conditions, enabling enhanced error 

correction. 

 
Figure 3. BER Performance with information length K = 640, number of iterations = 15, and code rate R = 

1/5 

 

The model maintains the low complexity of Min-Sum decoding while approaching the performance of the 

Belief Propagation algorithm. The overhead introduced by optimal α parameter prediction is minimal and 

occurs only once per channel. 

While this study focuses on the Rayleigh fading channel, the framework can be extended to other fading 

models such as Rician or AWGN. 

The proposed decoder framework is suitable for real-time embedded 5G systems where both performance 

and efficiency are crucial. It can be integrated into base station firmware or UE modem chips with minimal 

computational overhead. 
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