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Abstract—Channel coding is vital for reliable sixth-generation
(6G) data transmission, employing diverse error correction codes
for various application scenarios. Traditional decoders require
dedicated hardware for each code, leading to high hardware
costs. Recently, artificial intelligence (AI)-driven approaches, such
as the error correction code Transformer and its enhanced
version, the foundation error correction code Transformer, have
been proposed to reduce the hardware cost by leveraging the
Transformer to decode multiple codes. However, their exces-
sively high computational complexity of O(N2) due to the self-
attention mechanism in the Transformer limits scalability, where
N represents the sequence length. To reduce computational
complexity, we propose a unified Transformer-based decoder that
handles multiple linear block codes within a single framework.
Specifically, a standardized unit is employed to align code
length across different code types, while a redesigned low-
rank unified attention module, with computational complexity
of O(N), is shared across various heads in the Transformer.
Extensive experimental results demonstrate that the proposed
unified Transformer-based decoder outperforms existing methods
and provides a high-performance, low-complexity solution for
next-generation wireless communication systems.

Index Terms—Channel coding, error correction, unified de-
coder, Transformer, LDPC, Polar, BCH, 6G.

I. INTRODUCTION

W ITH the continuous evolution of wireless communi-
cation technologies, the imminent arrival of sixth-

generation (6G) wireless communication will mark a paradigm
shift toward ultra-reliable communication [1], [2]. To meet
the stringent performance demands of 6G, channel codes with
strong error correction capabilities are expected to play a
pivotal role. Specifically, low-density parity-check (LDPC)
codes [3] and Polar codes [4] have proven effective in fifth-
generation (5G) wireless communications. Due to their ex-
cellent performance, 3GPP has just made the decision to
continue to use LDPC and Polar codes for future 6G in
October 2025 [5]. Furthermore, algebraic geometry codes,
such as Bose-Chaudhuri-Hocquenghem (BCH) codes [6], are
commonly employed as outer codes in concatenated schemes
with probabilistic codes to enhance decoding performance.

In wireless communication systems, multiple coding
schemes are supported, such as LDPC and Polar codes in
5G [7], each requiring customized hardware for their decod-
ing algorithms. For instance, LDPC codes employ iterative
message passing for parallel data processing [8], while Polar

codes rely on the successive cancellation (SC) decoding algo-
rithm [4], which follows a sequential approach by traversing a
decision tree. Both LDPC and Polar codes utilize soft decoding
methods. In contrast, BCH codes employ algebraic decoding
techniques classified as hard decoding [9], which rely on
mathematical structures to correct errors. Due to fundamental
differences in decoding algorithms, each code type requires
customized hardware circuits, resulting in significant hardware
resource cost.

To reduce hardware resource cost, AI-driven decoders have
emerged as a promising alternative. For example, inspired
by the success of Transformers in natural language pro-
cessing [10], the error correction code Transformer (ECCT)
was introduced to reduce hardware resource and enhance
decoding performance for short codes [11]. ECCT leverages
the Transformer’s self-attention mechanism, where multiple
attention heads operate in parallel to process sequential data
and capture long-range dependencies, effectively modeling
the constrained relationships among the log-likelihood ratios
(LLRs) of decoder inputs. Building on ECCT, the foundation
error correction code Transformer (FECCT) enhances general-
ization to unseen codewords by integrating the distance matrix,
derived from the parity-check matrix H, into the self-attention
mechanism [12]. However, ECCT and FECCT rely on the
Transformer’s powerful self-attention mechanism, which has a
computational complexity of O(N2), where N represents the
sequence length. Their high computational complexity makes
them difficult to scale to long codes.

To reduce computational complexity, we propose a unified
Transformer-based decoder capable of handling multiple linear
block codes, including LDPC, Polar, and BCH, within a single
framework. Specifically, the main contributions of this paper
are summarized as follows.

• We introduce a unified Transformer-based decoder capa-
ble of seamlessly integrating various linear block codes.
This architecture incorporates a standardized unit to align
code lengths, and a unified attention module that com-
presses the structural information of all codewords. These
components achieve a code-agnostic decoder, eliminate
the need for distinct hardware circuits for different de-
coding algorithms, and reduce computational complexity.

• We redesign the self-attention module into a unified
attention mechanism that shares attention scores across all
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heads. By eliminating per-head projections of queries and
keys, it reduces computational complexity from O(N2) to
O(N), where N is the sequence length. This substantial
reduction enables efficient training and inference even for
long codes.

The rest of this paper is organized as follows. Section II
provides background knowledge, including the vanilla Trans-
formers, channel encoders. Section III details our proposed
unified Transformer-based decoder. Section IV presents the
results of training and inference. Section V analyzes the com-
putational complexity the proposed decoder. Finally, Section
VI concludes.

II. BACKGROUND

For a better understanding of the proposed unified error
correction code Transformer, this section will provide back-
ground knowledge on vanilla Transformers and forward error
correction (FEC) codes.

A. Vanilla Transformers

The vanilla Transformer is a sequence-to-sequence model
consisting of an encoder and decoder, each with L identical
blocks [10]. Each block includes multi-head self-attention
(MHA), a position-wise feed-forward network (FFN), layer
normalization, and residual connections.

The input x ∈ RN is embedded into X ∈ RN×dk via
a trainable weight matrix. The MHA computes correlations
using

Attn
(
WQ,WK,WV) =

Softmax

((
XWQ) · (XWK)T

√
dk

)
·
(
XWV) , (1)

where WQ,WK ,WV ∈ Rdk×dk are learnable projections.
The FFN applies position-wise transformations

FFN (X) = W2 · ReLU (W1 · X + b1) + b2, (2)

with W1 ∈ Rdk×df , W2 ∈ Rdf×dk , b1 ∈ Rdf , and b2 ∈ Rdk .
Finally, the output of a single encoder layer is

X1 = Attn (LayerNorm (X)) + X
Xo = FFN (LayerNorm (X1)) + X1.

(3)

B. Forward Error Correction Codes

Forward error correction reduces bit error rate over noisy
channels using linear block codes defined by a generator
matrix G ∈ Fk×n

2 and parity-check matrix H ∈ F(n−k)×n
2 ,

with G · HT = 0. A message m ∈ {0, 1}k is encoded as
x = m · G, satisfying H · x = 0.

The codeword is binary phase shift keying (BPSK)-
modulated to yield xs and transmitted over an additive white
Gaussian noise (AWGN) channel, producing the received
signal y = xs+n, where n ∼ N (0, σ2). The decoder recovers
m from y.

Following [13], we employ an equivalent training model
y = xs · z with multiplicative noise z and use only the all-
zero codeword to prevent overfitting. The complete decoder

Decoder Framework

Post-processingPre-processing

abs

H Decoder
f ( )y

bin(sign( ))
yhd Hyhdbin(sign( ))

Fig. 1. Decoder framework with pre- and post-processing.

framework is shown in Figure 1. Pre-processing concatenates
the LLR magnitudes with the syndrome:

ỹ = [|y|, s (y)] . (4)

Post-processing recovers the estimated codeword as:

x̂ = bin (sign (y · ẑ)) . (5)

Our work focuses on designing and training a parameterized
decoding function fθ.

III. PROPOSED UNIFIED ERROR CORRECTION CODE
TRANSFORMER

In this section, we present the detailed architecture and
training process of the proposed unified error correction code
Transformer (UECCT).

A. Shared Unified Attention

The vanilla self-attention mechanism in Transformer archi-
tectures establishes dense correlations among all input features
within a sequence, resulting in a computational complexity of
O(N2 · dk +N · d2k), where N is the sequence length and dk
is the embedding dimension. This approach, while effective
for capturing long-range dependencies, is computationally
intensive. Moreover, prior studies suggest that the input to the
softmax function in self-attention is probabilistically sparse,
with only a few weights dominating the attention distribu-
tion [14]. This sparsity implies that a low-rank approximation
could effectively capture the dominant correlations, reducing
redundancy without compromising performance.

Fig. 2. Rank distribution of the Q · KT matrix in the ECCT model.
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To investigate this hypothesis, we trained an ECCT
model [11] with parameters L = 6 (number of Trans-
former encoder layers), H = 8 (number of attention heads),
dk = max(2n − k) = 182, and df = 2912 on a di-
verse set of linear block codes, including LDPC(49,24),
LDPC(121,60), LDPC(121,80), Polar(32,16), Polar(64,32),
Polar(128,86), BCH(31,16), BCH(63,36), and BCH(127,120).
We analyzed the rank distribution of the Q · KT matrix
across 1000 batches for the six-layer Transformer encoder.
As illustrated in Figure 2, the rank ranges from 12 to 181,
with over 90% of values below 69, consistently indicating
a low-rank structure across all layers and code types. This
observation suggests that the high-dimensional self-attention
matrix can be approximated with a lower-rank representation,
offering a pathway to reduce computational overhead.
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Fig. 3. Distribution of Jensen-Shannon divergence between attention heads.

Furthermore, the conventional multi-head self-attention
mechanism computes independent attention scores for each
head using distinct weight matrices WQ, WK , and WV .
However, we hypothesize that the attention distributions across
heads may exhibit high similarity, particularly in channel
decoding, where the sparse structure of the parity-check
matrix H constrains bit interactions. To measure attention
head similarity, we employed the Jensen-Shannon Divergence
(JSD) [15], a symmetric measure of similarity between prob-
ability distributions, defined as:

JSD(Ai[k]∥Aj [k]) =

1

2
[DKL(Ai[k]∥M[k]) +DKL(Aj [k]∥M[k])] ,

(6)

where k is the row index, Ai and Aj ∈ RN×Nare the
softmax outputs of attention heads i and j, M[k] = 1

2 (Ai[k]+
Aj [k]) is the average distribution, and DKL(P∥Q) =∑N

l=1 P[l] log P[l]
Q[l] is the Kullback-Leibler divergence [16].

Using the same simulation setup as the low-rank validation
(L = 6, H = 8, dk = 182, df = 2912), we computed the
per-row JSD for all head pairs and averaged the results across
layers. As shown in Figure 3, JSD values are consistently be-
low 0.16, indicating strong alignment in attention distributions.

Motivated by these findings, we propose a novel unified
attention module (UAM) to address the computational inef-
ficiency and lack of cross-code generalization in traditional

self-attention. The UAM introduces learnable memory com-
ponents, Al and Vl ∈ RN×dl , where dl is a hyperparameter
controlling the low-rank approximation. The UAM is defined
as:

UniAttn (Al,Vl) = Softmax (Al) ·
(
VT

l X
)
, (7)

where X ∈ RN×dk is the input to the attention layer.
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Fig. 4. Architecture of the proposed multi-head unified-attention.

The architecture of the proposed multi-head unified-
attention is depicted in Figure 4. By eliminating the projections
WQ and WK, the UAM reduces the computational complexity
from O(N2 · dk +N · d2k) to O(N · dl · dk), where dl ≪ N .
The shared attention matrix Al is applied across all heads,
leveraging the observed head similarity to promote a unified
decoding architecture.

B. Sparse Masked Unified Attention

To further exploit the sparsity of linear block codes, we
propose a sparse masked unified attention mechanism that di-
rectly incorporates the parity-check constraints into the shared
memory Al.

Algorithm 1 Pseudocode for Sparse Mask Construction

1 Input: H # shape = (n− k, n)

2 H = zeros(2n− k, n− k)

3 H[0 : n, 0 : n− k] = H.transpose(0, 1)
4 H[n : 2n− k, 0 : n− k] = eye(n− k)

5 Output: (−∞) · (¬ H)

For a code with parity-check matrix H ∈ F(n−k)×n
2 , we

construct an extended matrix

H =

[
HT

In−k

]
∈ R(2n−k)×(n−k) (8)

and generate a sparse mask M(H) ∈ {−∞, 0}N×dl (N =
2n− k, dl = n− k) via Algorithm 1. The masked attention is
then computed as

UniAttn(Al,Vl) = Softmax
(
Al + M(H)

)
· (VT

l X). (9)

This sparse mask enforces attention only on positions cor-
responding to parity-check connections and syndrome bits,
thereby eliminating redundant computations compared to
dense self-attention.
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C. Architecture and Training Methodology

The architecture of the proposed unified error correction
code Transformer is illustrated in Figure 5. The initial layer
compresses the multi-head output into a one-dimensional vec-
tor of size 2n−k, with the subsequent layer transforming it into
an n-dimensional vector representing the softly decoded noise.
Finally, the post-processing module acts on the estimated noise
to derive the transmitted original codeword.

Word Embedding

Pre-processing

Input y

L blocks

Standardization Multi-Head
Unified-Attention

Layer
Normalization

Layer
Normalization

Feed Forward

Multi-Head
Unified-Attention

Layer
Normalization
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Normalization

Feed Forward

Multi-Head
Unified-Attention

Layer
Normalization

Layer
Normalization

Feed Forward

Multi-Head
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Layer 
Normalization
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(2n k) dh 2n k 1
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Layer 
Normalization

Fully Connected
(2n k) dh 2n k 1

Fully Connected
2n k 1 n 1

Post-processing
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Fig. 5. Illustration of the proposed unified error correction code Transformer.

We employ binary cross-entropy as the loss function with
the objective of learning to predict the multiplicative noise z.
The corresponding target binary multiplicative noise is denoted
as z̃ = bin(sign(z)). Therefore, the loss calculation for a
received individual codeword y is given by:

loss = −
n∑

i=1

z̃ilog(fθ(y)) + (1− z̃i)log(1− fθ(y)). (10)

To accommodate codewords of varying lengths within a
unified architecture, we have designed a standardization unit
that performs padding on |y| and s(y) as described in Equation
(4). Assuming that the maximum length of the codeword is
Nmax and the maximum length of the syndrome is Smax, the
dataset is standardized according to:

ỹ = [ [|y|, 0c] , [s(y), 0s] ] , (11)

where 0c and 0s represent zero vectors with sizes Nmax −
size(y) and Smax − size(s(y)), respectively. Through this unit,
the Transformer neural decoder can accommodate any code-
word within the maximum length, allowing for joint training
in a unified manner.

In the training phase, we conducted 1000 epochs, each
consisting of 1000 minibatches, which in turn contained 512
samples each. Samples for each minibatch were randomly
selected from a pool of LDPC, Polar, and BCH codewords.
The learning rate was initialized at 10−3, and a cosine de-
cay scheduler was applied without warmup [17], gradually
reducing it to 10−6 by the end of the training process. We
employ the Adam optimizer to dynamically adjust the learning
rate, leveraging its efficacy in managing diverse data types
and model architectures [18]. The AWGN noise introduced
to the links had its signal-to-noise ratio (SNR) randomly
chosen between 3 and 7 for each batch. All experiments were
conducted on NVIDIA GeForce RTX 4090 24GB GPUs.

IV. EXPERIMENTS

We conducted experiments on linear block codes, specifi-
cally LDPC, Polar, and BCH, to assess the effectiveness of
the proposed architecture. The parity-check matrices utilized
in the paper were sourced from [19]. The results are presented
in the form of bit error rate (BER) and block error rate (BLER)
at various normalized SNR (i.e. Eb/N0) values, with at least
105 random codewords tested per SNR. We define aggregate
BER (ABER) and aggregate BLER (ABLER) as the overall
error rates spanning all evaluated codewords.

In addition, to enable direct comparison with ECCT and
FECCT, whose simulation results were sourced from their
respective papers [11], [12], we fine-tuned the pre-trained
UECCT models on consultative committee for space data sys-
tems (CCSDS) [20] and MacKay [21] codewords using jointly
trained LDPC, Polar, and BCH models. Given GPU memory
constraints and the fact that the performance of long codes has
been thoroughly explored [22], while the error correction of
short codes remains far from the Shannon limit [23], this work
primarily focuses on training and validating medium-to-short
codes.

TABLE I
NEGATIVE NATURAL LOGARITHM OF BER FOR ECCT, FECCT, AND

UECCT ACROSS POLAR, LDPC, BCH, CCSDS, AND MACKAY CODES AT
Eb/N0 = 4, 5, 6 DB, WITH BEST RESULTS IN BOLD (HIGHER IS BETTER).

Method 
ECCT FECCT Ours 

 
 

 
 

 
 

[dB] 4 5 6 4 5 6 4 5 6 

Polar (32, 16) − − − 6.36 8.36 11.49 6.32 8.07 10.37 

Polar (64, 32) 6.48 8.60 11.43 5.88 7.91 10.76 6.58 8.91 11.72 

Polar (64, 48) 6.15 8.20 10.86 6.06 8.21 10.90 6.21 8.31 10.96 

Polar (128, 64) 5.12 7.36 10.48 − − − 6.50 9.23 12.46 

Polar (128, 86) 5.75 8.16 11.29 5.53 7.90 11.29 6.60 9.43 12.84 

Polar (128, 96) 5.88 8.33 11.49 − − − 6.36 9.09 12.39 

LDPC (49, 24) 5.91 8.42 11.90 − − − 5.70 8.18 11.40 

LDPC (121, 60) 5.02 7.94 12.72 − − − 5.00 7.98 11.98 

LDPC (121, 70) 6.28 10.12 15.57 − − − 6.21 9.74 14.16 

LDPC (121, 80) 7.17 11.21 16.31 − − − 7.04 11.12 15.21 

BCH (31, 16) 5.85 7.52 10.08 − − − 5.79 7.64 10.34 

BCH (63, 36) 4.62 6.24 8.44 4.53 6.38 9.10 4.83 6.76 9.75 

BCH (63, 45) 5.41 7.49 10.25 5.18 7.32 10.31 5.42 7.63 10.86 

BCH (63, 51) 5.46 7.57 10.51 5.71 8.07 11.31 5.68 8.00 11.12 

BCH (127, 92) − − − 4.11 5.84 8.79 4.23 6.00 8.82 

BCH (127, 120) − − − 4.62 6.33 8.95 4.70 6.41 9.06 

CCSDS (32, 16) − − − 5.23 7.00 9.21 5.29 7.09 9.39 

CCSDS (128, 64) 6.65 10.40 15.46 6.52 9.67 15.01 6.45 10.10 13.28 

MacKay (96, 48) 7.10 10.12 14.21 − − − 6.68 9.57 12.91 

We present the performance of our framework with hyper-
parameters are set to L = 6, H = 8, dk = 64, dl = 64,
and df = 4 · H · dk. The value of dl = 64 corresponds
to the maximum syndrome length among the jointly trained
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codewords. Table I presents the simulation results, specifically
showing the negative natural logarithm of the BER at Eb/N0

values of 4, 5, and 6 dB. It is noted that higher values in this
context indicate better performance, with the best results for
each SNR highlighted in bold. Simulation results demonstrate
that our proposed UECCT outperforms both the individually
trained ECCT [11] and the jointly trained FECCT [12] across
the majority of codewords, validating the effectiveness of
the proposed architecture. Notably, UECCT even surpasses
FECCT’s performance with an embedding length of 128 when
operating at a more compact embedding length of 64, further
highlighting the computational efficiency of our design.

0 2 4
Eb/N0	[dB]

10-6

10-4

10-2

100

BE
R

LDPC(576,	288)
NMS
Ours

0 2 4
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10-2

100 LDPC(768,	512)
NMS
Ours

0 2 4
Eb/N0	[dB]

10-4

10-3

10-2

10-1 LDPC(960,	800)
NMS
Ours

Fig. 6. BER comparison between the NMS algorithm and the proposed
UECCT for medium-to-long LDPC codes.

To further validate the performance and scalability of the
proposed method on medium-to-long codes, we conducted
joint training using LDPC(576, 288), LDPC(768, 512), and
LDPC(960, 800) codewords with hyperparameters set to L =
12, H = 8, dk = 16, dl = 288, and df = 512. The
neural network training and inference were performed under
an AWGN channel with BPSK modulation. During training,
the SNR was randomly selected between 2 dB and 3 dB,
with a batch size of 192, while other training methods were
consistent with those described in Section III-C. During infer-
ence, 105 code blocks were tested per SNR. For comparison
with traditional decoding algorithms, we utilized the normal-
ized min-sum (NMS) algorithm for LDPC codes [24]. The
NMS algorithm was configured with a normalization factor of
0.875 and a maximum of 15 iterations. Additionally, an early
stopping mechanism was implemented to halt decoding once
the parity-check matrix H is satisfied. Figure 6 presents the
BER performance comparison between the NMS algorithm
and the proposed UECCT. The simulation results demonstrate
that the proposed method achieves performance comparable
to the traditional NMS decoding algorithm. This indicates that
our decoding architecture effectively scales to medium-to-long
codes.

V. COMPUTATIONAL COMPLEXITY ANALYSIS

Before delving into the computational complexity, let’s first
review the unified error correction code Transformer presented
in Figure 5, which incorporates L layers of Transformer
encoders. The principal computational complexity within each
layer is found in the multi-head self-attention module, which is

predominantly responsible for matrix multiplication and is de-
fined by the hyperparameters H , dk and dl. Consequently, the
computational complexity of the proposed architecture is given
by O (L×H × (N × dl × dk ×Hd)), where N = 2n − k,
and dl ≪ N . Thanks to the sparsity of the parity-check
matrix, Hd is usually quite small. In our experiment, Hd is
approximately 0.14, which significantly reduces the compu-
tational complexity of the neural network. By contrast, the
vanilla Transformer architectures in ECCT and FECCT have
complexities of O

(
L×H ×

(
N2 × dk ×Md +N × d2k

))
and O

(
L×H ×

(
N2 × dk +N × d2k +N2 ×Md

))
, respec-

tively, where Md represents the mask density in these models.

Fig. 7. Comparison of average TPs, MACs, training time, inference time,
and mask density between ECCT, FECCT and UECCT.

Table II compares the trainable parameters (TPs), multiply-
accumulate operations (MACs), training time, inference time,
and mask density for ECCT, FECCT, and UECCT. Lower val-
ues are preferable, with the best performing values highlighted
in bold. The metrics for TPs and MACs are obtained using
Thop [25], a neural network profiling tool. UECCT reduces
parameters and MACs by 25.0% compared to both ECCT and
FECCT through low-rank approximation, shared attention, and
omission of Q and K projections. This results in training times
19.7% and 81.2% lower, and inference times 23.1% and 93.5%
lower than ECCT and FECCT, respectively. Mask densities
are influenced by design choices: FECCT has the highest
density due to Tanner graph distance calculations, ECCT has a
moderate density from extended bit-pair relations, and UECCT
has the lowest density, 58.2% and 79.7% lower than ECCT
and FECCT, achieved through the direct utilization of H and
the extension of the identity matrix. For a more intuitive
representation, the average values of each metric across the
codewords in Table II are provided in Figure 7.

VI. CONCLUSIONS

We proposed a unified Transformer-based decoder that
seamlessly integrates multiple linear block codes within a sin-
gle framework. By introducing standardized unit and a unified
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TABLE II
COMPARISON OF TRAINABLE PARAMETERS, MACS, TRAINING TIME, INFERENCE TIME, AND MASK DENSITY AMONG ECCT, FECCT, AND UECCT FOR

VARIOUS CODES, ALL WITH IDENTICAL PARAMETERS L = 6, H = 8, dk = 64, dl = 64, AND df = 2048.

Codes Trainable Parameters (M) 
MACs  

Per Codeword (G) 
Training Time 

Per 256 Codewords (ms) 
Inference Time 

Per 256 Codewords (ms) 
Mask Density 

 ECCT FECCT Ours ECCT FECCT Ours ECCT FECCT Ours ECCT FECCT Ours ECCT FECCT Ours 
Polar (32,16) 18.917 18.915 14.189 0.907 0.907 0.681 15.089 30.756 11.972 3.922 18.699 3.270 0.615 0.979 0.266 
Polar (64,32) 18.919 18.915 14.191 1.815 1.814 1.362 14.605 52.738 11.667 3.825 39.965 3.132 0.573 0.979 0.198 
Polar (128,86) 18.931 18.915 14.203 3.213 3.213 2.411 15.693 95.680 12.327 4.442 79.946 3.663 0.668 0.990 0.208 
LDPC (49,24) 18.918 18.915 14.190 1.455 1.455 1.092 14.641 44.202 11.538 3.958 30.977 3.026 0.277 0.994 0.104 
LDPC (121,60) 18.927 18.915 14.199 3.535 3.534 2.652 15.456 104.541 13.009 4.652 88.661 3.547 0.254 0.987 0.064 
LDPC (121,80) 18.929 18.915 14.201 3.119 3.119 2.340 15.222 92.742 12.636 4.827 77.364 3.376 0.219 0.995 0.073 
BCH (31,16) 18.917 18.915 14.189 0.869 0.869 0.652 14.396 30.733 11.478 4.020 18.159 3.076 0.390 0.994 0.196 
BCH (63,36) 18.919 18.915 14.191 1.701 1.701 1.276 14.413 50.945 11.583 4.043 37.555 3.022 0.485 0.978 0.211 
BCH (127,120) 18.932 18.915 14.204 2.533 2.533 1.901 15.786 74.412 12.426 4.704 60.915 3.419 0.841 0.989 0.485 

attention module, we achieved enhanced decoding accuracy
and reduced computational complexity from O(N2) to O(N).
This work delivers a high-performance, low-complexity solu-
tion, addressing hardware overhead and scalability challenges
in next-generation wireless systems like 6G. Future work will
focus on improving memory efficiency and power consump-
tion through techniques such as pruning and quantization to
enhance deployability in resource-constrained environments.
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