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This paper proposes a new approach to soft decoding for linear block codes
called dual simulated annealing soft decoder (DSASD) which utilizes the
dual code instead of the original code, using the simulated annealing
algorithm as presented in a previously developed work. The DSASD
algorithm demonstrates superior decoding performance across a wide range
of codes, outperforming classical simulated annealing and several other
tested decoders. We conduct a comprehensive evaluation of the proposed
algorithm's performance, optimizing its parameters to achieve the best
possible results. Additionally, we compare its decoding performance and
algorithmic complexity with other decoding algorithms in its category. Our
results demonstrate a gain in performance of approximately 2.5 dB at a bit
error rate (BER) of 6x107¢ for the LDPC (60,30) code.
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1. INTRODUCTION

In digital communication systems, ensuring reliable information transmission over noisy channels is
a paramount concern. Error correction techniques [1] play a vital role in addressing this challenge. Among
these techniques, linear block codes [2] are particularly noteworthy. These codes add redundant bits to the
original message, forming codewords, which enable error detection and correction during transmission.
Decoding algorithms are designed to determine the most probable transmitted codeword from the received
signal, as shown in Figure 1.

Traditionally, hard-decision decoding algorithms have been employed. However, these algorithms
can be computationally intensive and may discard valuable soft information present in the received signal.
To address these limitations, researchers have increasingly turned to soft decision decoding algorithms that
incorporate the continuous nature of the received signal's amplitude. Soft decision decoding algorithms
leverage advanced techniques from information theory, linear algebra, and signal processing to decode
received signals with high accuracy. These algorithms are particularly effective in noisy channels, where the
reliability of individual bits is uncertain and requires probabilistic treatment. The performance optimization
of such algorithms is also a concern to be addressed.

Performance optimization of soft decision decoding algorithms is crucial for achieving improved
error correction capabilities. In recent years, metaheuristic and optimization techniques have gained attention
for their potential to enhance the performance of these algorithms. Among these techniques, simulated
annealing has emerged as a prominent method.

Simulated annealing [3], a technique modeled after the metallurgical annealing process, is well suited
for finding near-optimal solutions in complex search spaces. For example, authors in [4], [5] have demonstrated
the effectiveness of simulated annealing in improving error correction performance. Additionally, Chen et al. [6]
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have combined simulated annealing with genetic algorithms, while Niharmine et al. [7] introduced a simulated
annealing-based algorithm designed for soft decision decoding of linear block codes.

Furthermore, Azouaoui et al. [8] developed a new effective technique using the dual code to reduce
the complexity of decoding high-rate codes. This approach simplifies the decoding process while maintaining
high accuracy. Despite these advancements, the integration of simulated annealing with dual decoding
techniques remains underexplored in the literature.

This paper aims to combine the simulated annealing decoder developed by Niharmine et al. [7] with
the dual decoding technique used by Azouaoui et al. [8] to create an efficient and effective error correction
method for linear block codes. By integrating these techniques, we seek to enhance decoding performance
and improve the data transmission reliability over noisy channels. Surprisingly, this new algorithm gives
nearly the same performance as in [7].

The following sections of this paper are organized as follows: section 2 discusses the fundamentals of
the simulated annealing algorithm. Section 3 presents our proposed decoder based on the simulated annealing
process and duality property. Section 4 examines parameter tuning to find the optimal values to work with,
simulation results, and comparisons with main competitors' decoders. Finally, we conclude the paper.

Informatlon Channel
lnput Encoder

Transmitter

Noise -----»

Receiver

Informatlon Channel
outpul Decoder

Figure 1. Communication system model

2. COMPREHENSIVE THEORETICAL BASIS
2.1. Basic notations

For the rest of this article, C(n, k, d) will denote a linear code with parameters length n, dimension k,
error correction capability t and minimum distance d over the field F.. This code is representable by a kxn
matrix G known as the generator matrix. For the simulated annealing algorithms, N; is the number of
iterations, Ts the starting temperature, Tsthe final temperature, o the cooling ratio, So the start solution and
N. the number of iterations required to reach the final temperature Tr. For genetic algorithms, N;, Ne, and Ny
represent the size of the population, the total of elite members, and the generations total, respectively. For the
compact genetic algorithm decoder (CGAD) algorithm [9], T, represents the average number of generations.

2.2. Simulated annealing

Simulated annealing is a versatile metaheuristic algorithm widely used for solving optimization
problems. Leveraging the understanding of annealing from the field of metallurgy, it was first introduced by
Kirkpatrick et al. [3]. The algorithm is particularly effective in finding approximate solutions to both
combinatorial and continuous optimization problems. It is also known for its ability to escape local optima, a
common issue in optimization algorithms, especially in gradient-based methods. Local optima occur when an
algorithm converges to a solution that is optimal within a limited region but not necessarily the global
optimum. Simulated annealing addresses this by probabilistically accepting worse solutions, allowing it to
explore the solution space more thoroughly. Due to these properties, simulated annealing algorithm has a
significant impact in various fields, with applications to combinatorial optimization problems, including but
not limited to the traveling salesman problem (TSP) [10]-[12] and the quadratic assignment problem (QAP)
[13], [14], very large-scale integration (VLSI) circuit design [15]-[17], to name a few. Here is a description
of the simulated annealing algorithm:
a) Initialization: start with an initial solution and set an initial temperature (T) along with a cooling

schedule to decrease T over time.

b) Iteration: repeat until a stopping criterion is met (e.g., max iterations or low temperature):
i)  Neighborhood generation: apply a perturbation to the current solution, yielding a neighboring solution.
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ii)  Objective function evaluation: the objective function value of the new solution is calculated to assess its
quality. Optimization problems typically aim to minimize this value.

iii) Acceptance or rejection:

— A better new solution is accepted as the current one.

— A worse solution is accepted with a probability exp(-AE / T), where AE is the difference in objective
function values.

c) Cooling: decrease the temperature according to the cooling schedule, which controls the balance
between exploration (higher temperature, more acceptance of worse solutions) and exploitation (lower
temperature, less acceptance of worse solutions).

d) Termination: stop based on reaching a maximum number of iterations, a specific temperature, or a
satisfactory solution quality.

e)  Output: return the best solution found.

The subsequent pseudocode illustrates a basic implementation of the simulated annealing algorithm,
with all the previous steps:

Initialization of parameters (Ni, Ts, Te, So)
Set T«Ts and S<So
While (T >T¢)
{
While (iteration < Nj)
{

Select an adjacent solution at random (su.);

Evaluate AEnergy = Energy(sn) - Energy(s);

If AEnergy < 0 then sesn ;

else if random(0,1) <£ Exp(-AEnergy/T) ) then
s—sn ; end if;

end if;

iteration<iteration+1;
}
T—cooling(T) ;
}

Key components and parameters of the simulated annealing algorithm include the initial temperature, cooling
schedule, neighborhood generation strategy, and acceptance probability calculation. Properly tuning these
parameters is crucial to the algorithm's effectiveness in finding high-quality solutions to optimization
problems. The approach is explained in more detail in section 3.2.

2.3. Duality property for decoding
To encode a message m = {m;};*, we can use (1):

c = mG (1)

Where c is the codeword. Additionally, in order to determine whether a specific vector is a valid codeword,
we introduce a (n-k)><n matrix denoted by H (parity-check matrix (PCM)). This particular matrix has the
following property:

Y v e F}, vis a codeword if and only if: Hv™ = 0 #))

Consider the scenario where we transmit a codeword c={c;}»" using BPSK modulation. Let's denote
z={zi}1" as the modulated signal transmitted over a Gaussian channel, subject to independent noise
components n={n;},". Here, both z and n are sequences that are statistically independent. Specifically,

each n; is normally distributed with mean 0 and variance No (n; ~ (N(O,%))) where Np represents the
noise power density.

The received signal, denoted as r={ri}1", is given by the equation r=z+n. We introduce v={vi};" as
the binary hard decisions derived from r (quantization of r). Furthermore, we express the error syndrome
s={sih"* as in (3):

s =vHT €))
In the latter expression the syndrome s is obtained based on the hard decisions made from the

received signal r. “s=0” means that the received signal corresponds to a valid codeword, indicating an
error-free transmission. However, in the presence of transmission errors, our decoder endeavors to
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determine the codeword ¢ that maximizes the probability P(c|r) within the code space C. Given that all
codewords have an equal likelihood of being transmitted, we can write:

P(¢lr) = maxC P(c|r) = maxcinC P(r|c) P(c) / P(r) 4)

Considering a discrete memoryless channel with additive white Gaussian noise, where binary
antipodal signals are transmitted, with each symbol being independently affected by noise, the maximization
of P(r|¢) occurs when we minimize the squared norm of the difference between r and & (X0_,(r; — ¢;)?)
(or squared Euclidean distance between r and ¢) as explained in [18], [19]. Consequently, the complex task of
maximume-likelihood decoding simplifies to the more straightforward nearest neighbor decoding, using the
Euclidean metric. To formalize this reduction, we can express the soft-decision decoding problem as (5) [20]:

Given a received word r = {r;}};
find a codeword c in C which minimizes Y_,(r; — ¢;)? (5)

This optimization problem involves n variables, with only k variables as generator base (k most independent
and reliable bits).

Instead of solving this optimization problem on the code space, our approach is to search for the
error vector, denoted as e, that optimizes the solution. To this end, we will construct the error vector e
through a heuristic method that leverages the dual property [8]. The error e has n variables, with only k being
independent. By using these k variables and leveraging the algebraic structure of the code, we can deduce the
k remaining variables. By doing so, we can deduce, to a certain degree, what was originally sent using (6):

c=v+e (6)
Since the PCM can be written as H=[A In.k], where A is a binary matrix of size (n—k)xk, we can write:
w+e)H'=0 e eH" =5 )

We define the reliable information set as the collection of the k most reliable positions within the received
signal r={r;}.". Using this reliability information set, the error vector can be represented as e = (ex, ey), where
X represents the reliable information set, and Y = {1 n}\X. Consequently, relation (7) can be expressed as (8):

(ex,ey)AT, I,_) = s @ ey =exA" +s (8)

Having the first part of the error vector (ex), and using the equation above, we can deduce the
second part of the error ey and complete the whole error vector e = (ex, ey). We can then verify that (v+e) is a
valid codeword.

Our endeavor is to search, amongst all the error set Err(s) with syndrome s, for the error vector e
which minimizes the squared norm of the difference between the received signal r and the related codeword
c=(v+e) which is given by (9):

The squared norm of the difference between rand c: Y7, (r; — ¢;)? 9)

Taking into account the analysis provided earlier, the algorithm's description and steps are outlined in the
following section.

3. THE DUAL SIMULATED ANNEALING SOFT DECODER ALGORITHM
3.1. Construction of the DSASD algorithm

Building on the previous section, where we outlined the two fundamental components of our
proposed algorithm, the next section presents the dual simulated annealing soft decoder (DSASD). Table 1
outlines the complete mapping between the proposed algorithm and the physical simulated annealing. The
energy is represented as the Euclidean distance between the received word and a codeword, and the state is
represented as a k-bit vector. The lowest energy state corresponds to the nearest codeword.

Table 1. Mapping between the proposed algorithm (DSASD) and physical simulated annealing algorithm

Physical simulated annealing DSASD
Energy The Euclidean distance between a codeword and the received word
State k-bit vector
Final state The decoded word
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The DSASD algorithm is described as follows:
i)  Step 1: randomly generate and encode k binary information bits using the code's matrix G, resulting in
an n-bit vector. After transforming each 0 to a 1 and each 1 to a -1, introduce simulated Gaussian noise
to produce a received vector, denoted as r, where r belongs to R".
ii) Step 2: after receiving the sequence r={r}.", make a binary hard decision for this received signal
r={ri}s" to obtain v={vi};":

_ 1, T <0

Vi = {o, =0

iii) Step 3: compute the syndrome as s=vH". If s equals zero, output v and terminate; otherwise, proceed
further.

iv) Step 4: apply a permutation to the coordinates of the received vector r, ensuring that the last (n-k)

positions hold the least reliable linearly independent components of r.

— 1 is considered more reliable than rj if |ri| > |r;| based on the assumption that the data is corrupted by
additive white Gaussian noise during transmission.

— Sort the sequences r={ri }+" in descending order of reliability, then apply a second permutation that
lets the last n-k elements of r be the least linearly independent elements, to create new sequences
r’={r’i}". Let's denote r as the permutation mapping »’'==(r).

— Apply this permutation z to H to obtain H’ (H'==(H)) and v'(v’'=r(v)).

— Use Gaussian elimination on A’ to derive a systematic matrix.

v)  Step 5: Generate an error vector of k-bits with s as syndrome:

— The first generated error vector can be the zero vector.

— Randomly generate an error vector ex of k-bits.

— The second part of the vector is ey=exAT+s

— The error vector e is formed as (ex , ey)

vi) Step 6: apply the simulated annealing algorithm and use (8) to get the best error candidate epest

This algorithm is depicted afterwards.

vii) Step 7: Obtain the codeword:

— The obtained codeword c’=v'+epest is associated with the matrix H’, hence we estimate the

codeword ¢ to be:

¢ =n"1(c) (10)

A simulated annealing algorithm, using squared Euclidean distance as its objective function, finds the
closest codeword. Our simulated annealing method, used in step 6, differs from classical simulated annealing
by using reliability information to guide solution generation, rather than random bit flipping as follows:

select neighbor () {
For each bit i = 1 to k
If (Random (between 0 and 1) > ————— ) then (switch the
1+exp(—2N—io)
bit r’i)
End for }

Finally, the DSASD algorithm can be represented with the following pseudocode:

Set the parameters {N; ,Ts ,T¢, «, So}; Set T = To and S = So
While (T >Tg) {
While (iteration < Nj) {

Sn = select neighbor () ;
AEnergy = Energy (S»n) - Energy(S);
error = EvaluateCorrectedError();

if (error < T) then break;

if AEnergy < 0 then S = Sp;

else if random(0,1) £ Exp(-AEnergy/T) then
S = Ss ; end if

end if

iteration = iteration + 1;

—

T=o *T
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where energy(s)=Y"_,(r’; — ¢;)?, and c={ci}" is the related codeword.

3.2. DSASD algorithm parameter tuning

Optimizing our algorithm's parameters {ai, Ni, Ts, T} is a key challenge. While probabilistic models
like MacKay's [21] could be used, we instead conduct multiple simulations due to our assumption of
parameter independence. We evaluate bit error rate (BER) against signal to noise ratio (SNR), varying one
parameter at a time while holding the others at their default values, as outlined in Table 2. The variations of
parameters o and Ni are illustrated in Figure 2, which consists of two sub-figures:

—  Parameter a: analyzing Figure 2(a) shows that choosing 0=0.95 is an effective option for the cooling
ratio, approaching the best performance. In practical applications, a deliberate slow cooling mechanism
is beneficial, as it helps in identifying and utilizing codewords with low Euclidean distance.

—  Parameter N;: we typically determine the optimal number of iterations experimentally. Our simulations,
shown in Figure 2(b), indicate that setting N; to 250 yields near-optimal results.

The effects of parameters Ts and Tf on system performance are depicted in Figure 3, comprising two

sub-figures:

—  Parameter Ts: examining the simulation results presented in Figure 3(a), it is evident that the optimal
initial temperature Ts is 0.2. Given the significant impact of this parameter on accuracy, various
methods for estimating T effectively have been proposed, such as those introduced in [22].

—  Parameter Ty in the context of physics, the concept of a freezing temperature is intuitively used to
achieve equilibrium. Our simulations, as shown in Figure 3(b), confirm this idea, demonstrating that
optimal performance is consistently attained across various SNR values when the temperature decreases to

T+=0.001.
Table 2. Parameter values of the DSASD algorithm
Parameter Value
Default code BCH(63,45,7)
Channel AWGN
Modulation BPSK
Minimum number of bit errors 200
Minimum number of blocks 1000
N; 250
Ts 0.2
T 0.001
o 0.95
Aplha parameter variation Number of lteration Variation
10° T ; T T T T 10°
—g— alpha=06 —a— Number of iterations = 100
108 —%— alpha=07 —#— Number of iterations = 150
—&— alpha=08 r —&— Number of iterations = 200
alpha =08 Number of iterations = 250
-2
E‘ 8 — & alpha=095 § T —&— Number of iterations = 300
o o
2 2
& 10°; E g2
] 8
i} i}
@ g by @
10
10 F A
10 i) i | 1 L i i 10 4 i | i
1 15 2 25 3 35 4 45 1 15 2 25 3 3.5 4
SNR (dB) SNR (dB}
(a) (b)

Figure 2. Variation of (a) parameter a and (b) number of iterations
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Figure 3. Evolution of (a) parameter Ts and (b) parameter Tt

3.3. Complexity analysis

DSASD algorithm's step 4 has O(k2n) time complexity [23]. However, parallelization can reduce the
time complexity to O(kn), a cost negligible compared to step 6’s (NiN¢ nk) time complexity. As shown in
Table 3, the computational cost of the Chase-2 [24] and soft decoding based genetic algorithm (SDGA) [25]
algorithms scales exponentially with t. Therefore, codes with high error correction capabilities present the
most challenging computational complexity and tend to exhibit suboptimal performance as n increases.
Conversely, the DSASD, simulated annealing soft decoder (SASD) [7], dual domain decoding genetic
algorithm (DDGA) [8], CGAD [9], Maini [20], and genetic algorithm for decoding systematic block codes
(AutDAG) [26] algorithms exhibit linear complexity, with respect to either n or k.

Table 3. Comparison of the DSASD algorithm complexity with others

Parameter Value

Chase-2 0O(2' n?logy(n))

DDGA O(NiNg [k(n — k) + log(Ny)])
Maini O(NiNg [kn + log(N;)])

AUutDAG O(NiNg kn)
SDGA O(2" (NiNg [knz + kn + log(N;)]))
CGAD O(T. k(n-k))
SASD O(NiN, kn)

DSASD O(NiN; nk)

4. RESULTS AND DISCUSSION

This study examines the impact of combining the dual property with simulated annealing in the
DSASD algorithm. Although previous research has applied the dual property with various decoders, this
specific combination has not been previously explored. The DSASD algorithm was implemented in C, with
figures generated using octave [27]. Our simulations were performed on a workstation with an Intel
Core(TM) i7-6920HQ processor with 16 GB of memory clocked at 2.90 GHz, running Ubuntu 18.04.6 LTS
x86_64 operating system. Optimal values for algorithm parameters were selected as outlined in section 3.2.
Performance was assessed based on BER as a function of SNR (Eb/NO).

We conducted a comparative analysis of the proposed DSASD algorithm against classical simulated
annealing, SASD [7], and other decoders in the same category. The simulations were performed using the
default parameters specified in Table 2. Starting from the next paragraph, we detail the performance of
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DSASD compared to a set of other decoders, including SASD [7], classical simulated annealing, Chase-2
[24], DDGA [8], CGAD [9], Maini [20], compact genetic algorithm with high selection pressure (cGA-HSP)
[28], AutDAG [26], compact genetic algorithm with memory (cGA-M) [29], genetic algorithm meta-decision
decoder (GAMD) [30], SDGA [25], and classical binary phase shift keying (BPSK) decoding algorithms.

The comparison of DSASD, SASD, and classical simulated annealing for BCH(31,21,5),
BCH(63,45,7), and LDPC(60,30) codes is shown in Figure 4. This comparison underscores the superior
efficacy of both the DSASD and SASD algorithms over the classical method for these codes. Specifically,
Figure 4(a) illustrates the results for BCH(31,21,5), Figure 4(b) for BCH(63,45,7), and Figure 4(c) for
LDPC(60,30).

Comparison of DSASD, SASD & Classical SA for BCH(31,21,5) Comparison of DSASD-SASD-Classical SA for , BCH(63,45,7)
107 ¢ T T T 10° ¢
—<— Classical SA [ —=<+— (Classical SA
—%— DSASD 1o —%— DSASD
2 ] E
10 —«— SASD [ —«— SASD
— — 102 |
(v [ne) E
& o
& © 10°
5 i 5
TR 1 i
o 0 gl
10
X 100 -
4 i
105 L L 1 1 105 L L 1 1
1 2 3 4 5 [ 1 2 3 4 5 [
SNR (dB) SNR {dB)
(a) (b)

Comparison of DSASD-SASD-Classical SA for , LDPC(60, 30) Code

—— Classical SA

—— DSASD

—#— SASD

)

10° L

Bit Error Rate (BER

107 ¢

10°% -

1 2 3 4 5 ]
SNR (dB)

(©)

Figure 4. Comparison of DSASD, SASD, and classical simulated annealing for the (a) BCH(31,21,5),
(b) BCH(63,45,7), and (c) LDPC(60,30)

The evaluation of DSASD decoding performance against various competitor algorithms is presented
in Figure 5. Figure 5(a) demonstrates that the DSASD algorithm outperforms other algorithms by 1 dB at
1073 over the GAMD [30] algorithm for the LDPC(60,30) code, and Figure 5(b) shows that DSASD achieves
a 0.25 dB gain over SDGA at 10~* and about a 1.83 dB gain at 103 over BPSK decoding for the RM(32,16,8)
code. The performance comparison of DSASD and other competing algorithms on BCH codes is presented in

Dual simulated annealing soft decoder for linear block codes (Hicham Tahiri Alaoui)
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Figure 6. For BCH(31,21,5), as shown in Figure 6(a), the DSASD algorithm surpasses classical simulated
annealing (by 1 dB starting from 107?), Chase-2 and CGAD by 0.5 dB at 107, and produces results nearly
identical to those of SASD and Maini, except for Maini with a 0.31 dB difference at 10~°. Similar superior
performance is observed for the BCH(63,45,7) code in Figure 6(b), where DSASD outperforms SDGA,
Chase-2, cGA-M, cGA-HSP, and AutDAG, with comparable performance to DDGA [8] and SASD [7].

Comparison of GAMD, DSASD, SASD for LDPC(60, 30) Code Comparison of DSASD, SASD, SDGA & BPSK for RM(32,16)
10° : ’
—<— GAMD
—— SASD
il —+— DsAsD | |
= T
a 10 a
® @
o o
o o
8 3
i 108 i
a &
10 = 105 L
105 10 1 L 1
1 2 3 4 5 2 3 4 5 & 7 8
SNR (dB) SNR (dB)
(a) (b)
Figure 5. Evaluation of DSASD decoding performance against competitor algorithms applied to:
(a) LDPC(60,30) and (b) RM(32,16,8)
Comparison of DSASD & Others for BCH({31,21,5) Comparison of DSASD and other algotithms for BCH(63,45,7)
107 ! ! ; 10°
—a— Classical SA —<— SDGA
- -% - DSASD 108 —+— SASD
o
10 —&— SASD - -#% - D3SA3SD
—E— CHASE2 —%— oGA-HSP
2
g . CGAD E 10 AUDAG
% 0 MAINI = DDGA
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g g CHASE2
i) 10'“ w
o 17} 10_4 \
10°
10" >
*
i
10 10°%

1 2 3 4 5 6 1 2 3 4 5 6
SNR (dB) SNR (dB)

@ (b)

Figure 6. Performance comparison of DSASD and competing algorithms on BCH codes: (a) BCH(31,21,5)
and (b) BCH(63,45,7).

The simulation results clearly indicate that the proposed DSASD algorithm offers superior
performance compared to classical simulated annealing and many other decoders tested across various codes.
Notably, the DSASD achieves significant gains, such as up to 2 dB for BCH(63,45,7) and LDPC(60,30),
demonstrating consistent improvement over other methods. Additionally, the close alignment in outcomes
between SASD and DSASD further validates the robustness and effectiveness of the proposed algorithm. The
superior performance of the DSASD algorithm can be attributed to the effective integration of the dual
property with simulated annealing, which can be noticed on large codes. The consistency of results across
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different codes indicates that the proposed method is robust and adaptable to a range of error correction
scenarios.

This study demonstrated the successful integration of simulated annealing with the dual property of
linear block codes. While promising, further research is required to confirm its applicability to other codes
and to improve convergence. Specifically, optimizing the cooling schedule could address slow convergence
issues, and adapting the decoder for broader code compatibility could enhance the algorithm’s overall
effectiveness and versatility. These efforts will be key to overcoming the current limitations and expanding
the DSASD algorithm's potential.

Finally, this study highlights the DSASD algorithm's superior performance, achieving up to 2 dB
improvement over classical simulated annealing and other decoders, particularly for large codes like
BCH(63,45,7) and LDPC(60,30). The successful integration of simulated annealing with the dual property
underscores its robustness. However, further research is needed to improve convergence and extend its
applicability to a wider range of codes, ensuring the DSASD algorithm reaches its full potential.

5. CONCLUSION

In this paper, we introduced a new soft decoder for linear block codes by integrating the simulated
annealing process with the duality property of linear block codes. The simulated annealing algorithm uses a
probabilistic approach to explore the solution space, drawing inspiration from the annealing process.
Suboptimal solutions are accepted according to a temperature schedule. Our proposed DSASD surpasses
classical simulated annealing and other decoders such as SDGA, AutDAG, Chase-2, and CGAD for specific
codes, achieving gains of up to 2.5 dB at a BER of 6x10-6 for the LDPC(60, 30) code. A key advantage of
DSASD is its ability to leverage reliability information from received data to initiate the search and generate
neighboring solutions. Additionally, we conducted a comparative analysis of algorithmic complexity,
highlighting DSASD's efficiency. Future work should focus on enhancing the convergence of the cooling
mechanism and extending the algorithm’s applicability to a broader range of codes.
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