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Abstract
As a fundamental component of the physical layer,
convolutional codes are instrumental in ensuring
dependable transmission of information over in-
herently noisy communication channels. Recently,
neural network-based decoding algorithms have
shown remarkable progress in enhancing the per-
formance of block error-correcting codes. How-
ever, current neural network decoders for convo-
lutional codes often exhibit strong performance
primarily on low-rate codewords, whereas maxi-
mum likelihood decoding algorithm incur substan-
tial time overhead when decoding high-rate code-
words, which impacts communication efficiency in
practical communication systems. In this work,
we propose a Transformer-based decoder for con-
volutional codes designed for soft-decision decod-
ing over AWGN and fading channels, which serves
as an efficient decoding scheme for convolutional
codes with various code rates. For the unique struc-
ture of convolutional codes, we propose a Bidirec-
tional Context Aggregation mechanism to enable
the model to fully capture the long-range dependen-
cies and the memory effect of convolutional struc-
tures. Additionally, we extend the Transformer at-
tention matrix with a codeword-specific feature in-
tegration mechanism to allow the model to cap-
ture implicit relationships within codewords. Ex-
tensive experiments demonstrate that the accuracy
performance of the proposed model outperforms
that of neural network decoders. And for maximum
likelihood decoding algorithm, our model achieves
comparable error-correction capability and a signif-
icantly faster decoding speed.

1 Introduction
In the modern information age, ensuring strong and reliable
digital transmission amidst channel interference is a top pri-
ority within the realm of communication systems. Since the
birth of information theory [Shannon, 1948], much progress
has been made in the design of near-optimal codes. Among
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these, convolutional codes [Elias, 1955] are a type of linear
code capable of encoding information streams of indefinite
length. As an important channel coding technology, con-
volutional codes have been widely used in communication
systems such as GSM [ETSI Secretariat, 1996], WCDMA
[3GPP, 2000], and Wi-Fi protocols [IEEE, 2021].

In recent years, deep learning methods have developed
rapidly and have been applied to all layers of communica-
tion systems to improve performance greatly. Decoding of
channel codes can be considered as a classification prob-
lem, where the aim is to infer the transmitted codeword
from its noisy version. The recent success of deep learn-
ing methods for a wide range of classification problems and
their ability to capture complex patterns has motivated ex-
ploring their applications to channel decoding. Machine
learning-based decoding primarily employs two methodolo-
gies: model-based [Xu et al., 2017; Doan et al., 2019;
Buchberger et al., 2021] and model-free. The first one
involves using neural networks to update relevant weights
within traditional decoding algorithms such as belief prop-
agation (BP), while the other entails entirely novel decod-
ing methods that don’t rely on existing algorithms. Neural
BP (NBP) introduces learnable weights to conventional BP
graphs and has gained improvements in comparison to the
baseline BP method for short codes [Nachmani et al., 2016;
Nachmani et al., 2018; Lugosch and Gross, 2017]. Neu-
ral successive cancellation for polar codes [Doan et al.,
2018] and Neural Viterbi (NViterbi) [Kim et al., 2018] for
convolutional codes perform close to the optimal. While
model-based decoders benefit from a strong theoretical back-
ground, the architecture is overly restrictive, and the im-
provement gain generally vanishes for more iterations [Hoy-
dis et al., 2022]. Model-free decoders employ various types
of neural network architectures. [Cammerer et al., 2017;
Gruber et al., 2017] used fully connected (FC) networks;
[Jiang et al., 2019] employed Convolutional Neural Network
for turbo codes. [Bennatan et al., 2018] extended the classi-
cal syndrome decoding by adding the magnitude to the syn-
drome vector. [Choukroun and Wolf, 2022] implemented a
Transformer-based [Vaswani et al., 2017] decoding scheme
(ECCT) for error-correcting codes, employing the previously
discussed syndrome decoding technique, and yielded favor-
able performance. [Choukroun and Wolf, 2023] extended the
denoising diffusion [Ho et al., 2020] paradigm to an error

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



correction code. [Choukroun and Wolf, 2024a] proposed a
foundation neural decoder, capable of decoding and gener-
alizing to any code, length, and rate, enabling the potential
deployment of a single universal neural decoder for every
type of code. [Choukroun and Wolf, 2024b] introduced a
unified encoder-decoder training framework for linear block,
enabling end-to-end differentiable optimization over Galois
fields for code design. [Kurmukova and Gunduz, 2024] pre-
sented a ”friendly attack” approach that parallels traditional
adversarial attacks. It enhances the performance of error-
correcting channel code decoders by applying subtle pertur-
bations to fixed-point modulated codewords before transmis-
sion. [Park et al., 2025a] used multiple masks to enhance
the capability of transformer for error correction codes.[Park
et al., 2025b] proposed CrossMPT which ingeniously refines
the ECCT model to achieve superior bit error rate (BER) per-
formance while maintaining lower computational and mem-
ory overhead. [Xiao et al., 2025] exploits a cyclic shift reuse
property in Transformer-based decoders for cyclic codes, sig-
nificantly reducing the number of model parameters.

Nonetheless, the aforementioned impactful studies were
not explicitly developed for sequential codes (e.g., convo-
lutional codes). Existing neural architectures specialized
for this code type currently exhibit suboptimal performance,
thereby limiting their efficacy in real-world scenarios. [Kim
et al., 2018] proposed a bi-direction Gated Recurrent Units
(bi-GRU)-based approach, designed to emulate the Viterbi
[Viterbi, 1967] and BCJR [Bahl et al., 1974] algorithms,
which is limited to specific codewords with a code rate of
1/2. Consequently, their model shows only mediocre per-
formance on convolutional codes commonly used in the Wi-
Fi (IEEE 802.11) standard. [Teich et al., 2019] proposed
an energy-efficient analog decoder implementation for the
case of convolutional self-orthogonal codes (CSOCs) based
on high-order recurrent neural networks (HORNNs). [Teich
and Pan, 2023] extends the code type to nonsystematic convo-
lutional codes by a network based on a Convolutional Neural
Network. Unfortunately, their decoding performance and the
upscaling property degrade severely for general convolution
codes. [Yan and Dai, 2025] utilized a Long Short-Term Mem-
ory (LSTM)-based [Graves, 2012] model for decoding punc-
tured convolutional codes of various rates, achieving promis-
ing results.

1.1 Our Contribution
In this work, we propose a convolutional codes decoder char-
acterized by high accuracy, fast decoding speed, and appli-
cability across various convolutional codes. Inspired by the
excellent performance of a series of works like Error Cor-
rection Codes Transformer (ECCT) [Choukroun and Wolf,
2022] on linear block codes, we select the transformer archi-
tecture as our decoder. To enhance the model’s adaptability
and performance, we propose the following technical contri-
butions specifically addressing the characteristics of convolu-
tional codes: (i) we adapt the Transformer input sequence by
Bidirectional Context Aggregation to more effectively lever-
age information from preceding and succeeding codeword
blocks. (ii) We extract implicit inter-bit information to re-
fine the attention matrix, which results in a much lower bit

error rate. Applied to a variety of convolutional codes, our
approach outperforms existing neural decoders across diverse
convolutional codes, attaining near-maximum-likelihood er-
ror correction performance with substantially lower compu-
tational latency than the Viterbi algorithm.

2 Background
To furnish a comprehensive understanding of the proposed
Transformer-based convolutional code Decoder, this section
presents the necessary background on convolutional codes,
the transmission scheme, and the Transformer architecture.

2.1 Convolutional Codes
Convolutional codes are linear codes that assign code bits to
an incoming information bit stream continuously in a stream-
oriented fashion. The convolutional code is characterized
by its encoder structure, where the input bit stream passes
through a series of shift registers, generating encoded bits as
output. Each output bit is determined by the current input
and several previous input bits, as defined by the constraint
length of the code. The encoder structure can be represented
as a polynomial matrix. For example, Fig. 1 shows the
encoder structure of the convolutional code specified in the
IEEE 802.11 standard, and its corresponding polynomial ma-
trix is [91, 121], where the binary representation of each deci-
mal digit’s value indicates whether the corresponding register
participates in the output of the result.

Figure 1: Encoder structure of (2,1,7) convolutional code in IEEE
802.11.

2.2 Transmission Scheme
Fig. 2 shows the transmission model. For encoding and de-
coding, we assume a traditional transmission setting with a
(n, k, l) convolutional code C over a finite field F2 = {0, 1}.
The sender has a K-bit message m ∈ {0, 1}K , which is en-
coded into a codeword XN from the code space. The mod-
ulator then maps the sequence of codeword bits into a se-
quence of symbols SN . In this work, we focus on the bi-
nary phase shift keying (BPSK) modulation where SN =
1N − 2XN . The mapped symbols are sent over a discrete-
time additive white Gaussian noise (AWGN) channel, i.e.,
Y N = SN + ZN , where ZN is a sequence of indepen-
dent and identically distributed Gaussian random variables
Zi ∽ N (0, σ2). The sequence of received symbols Y N is
the input to the decoder after preprocessing. The main goal
of the decoder F : Rn → Rn is to provide a soft approx-
imation X̂N = f(Y N ) of the codeword. In order to avoid
overfitting, we extend classical syndrome decoding and em-
ploy a surrogate decoder [Bennatan et al., 2018; Choukroun
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Figure 2: The communication scenario with AWGN channel.

and Wolf, 2022]. The surrogate decoder objective is defined
by the prediction of the equivalent multiplicative noise ϵ̃ such
that Y N = XN ⊙ ϵ̃, where ⊙ is the Hadamard product.
The decoder preprocesses the channel output Y N by concate-
nating the provably codeword-independent magnitude and
syndrome vectors, such that h(Y N ) = [|Y N |, s(Y N )] ∈
R2N−K , where [·, ·] denotes vector concatenation and s(Y N )
denotes the syndrome defined by s(Y N ) = Hbin(Y N ) with
bin(Y N ) the binary mapping of Y N . In this case, the soft
codeword prediction is given by the denoising task defined as
X̂N = f(h(Y N ))⊙ Y N .

2.3 Transformer
The Transformer architecture [Vaswani et al., 2017], which
was initially proposed for machine translation, introduced a
novel attention-based approach. It processes the input se-
quence by incorporating positional embeddings for each el-
ement and embedding it into a high-dimensional space.

The embeddings are propagated through multiple nor-
malized self-attention and feedforward layers. The self-
attention mechanism is based on a trainable associative mem-
ory with (key, value) vector pairs, where a query vector
q ∈ Rd is matched against a set of k key vectors us-
ing scaled inner products, such that Attention(Q,K, V ) =
Softmax(d−1/2(QKT ))V . Here Q ∈ RN×d,K ∈ Rκ×d

and V ∈ Rκ×d represent the stacked N queries, κ keys
and values tensors, respectively. Keys, queries, and values
are obtained using linear transformations of representations
of the sequence’s elements, and a multi-head self-attention
scheme is deployed by extending the self-attention mecha-
nism to multiple attention heads.

3 Convolutional Code Decoding Transformer
In this section, we introduce the crucial components of the
proposed framework, the complete architecture, and the train-
ing procedure.

3.1 Bidirectional Context Aggregation
Different from linear block codes, convolutional codes han-
dle infinite information bit streams and encode them into se-
quences, which means that the entire codeword cannot be fed
into the decoder all at once. It is unreliable to group the con-
tinuous code sequences into different blocks directly; oth-
erwise, the constrained information between blocks will be
lost. In [Zhang et al., 2020], the authors provide a decoding
method that can utilize the constraint information from the
previous codeword block. They train multiple different net-
works according to the length of the constraint bits, i.e., the

number of memory register states. Based on the decoding re-
sult of the previous codeword block, they select a different
network to decode the next codeword block. However, the
unique structure of this method limits the parallel processing
capability of the decoder. Furthermore, if an error occurs in
the last several bits of the previously decoded sequence, it
will directly affect the decoding of the subsequent codeword
block.

To avoid this problem, we choose to increase the length of
the decoder’s input sequence. For instance, when we attend
to decode a (n, k, l) convolutional code with block length L,
the input length should be n × (L + l − 1), where k/n is
the code rate and l is the constraint length. This is because
the last group of bits in the information sequence is directly
involved in the encoding of the subsequent l − 1 codeword
groups, as shown in the left half of Fig. 3.

However, in the experiments, the results obtained by this
Unidirectional Context Aggregation (UCA) method were not
satisfactory. After further research and trials, we adopted the
method of adding input information before and after the code-
word blocks, as shown in the right half of Fig. 3. More specif-
ically, if we want to decode a convolutional code with a block
length of L, we need to take an additional n× (l − 1)-length
bits before and after this code block, respectively, and input
them together into the decoder. The effectiveness of this Bidi-
rectional Context Aggregation (BCA) method is remarkable.
The first n×(l−1) bits play an important role in the decoding
procedure. Although the first n× (l−1) bits of the codeword
sequence are not directly involved in the encoding process
of the information sequence, they exhibit a strong correlation
with the last l − 1 groups of the previous information block.
These latter l − 1 groups are directly involved in the encod-
ing of the current codeword block. Our Transformer-based
model can effectively capture these implicit relationships and
leverage them during the decoding process.

Figure 3: Unidirectional Context Aggregation and Bidirectional
Context Aggregation.

3.2 Implicit Inter-bit Information Extraction
We intend to use the algebraic structure of the code to mod-
ify the self-attention weights. Since not every position in the
received codeword is related to all other positions, it is nec-
essary to design a module similar to a mask matrix based on
the codeword type to weight and adjust the self-attention.

We first considered adopting the mask strategy from ECCT
[Choukroun and Wolf, 2022], which directly applies bi-
nary masking based on the parity-check matrix to filter self-
attention connections. But as convolutional codes naturally
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have sparse parity-check matrices due to their recursive en-
coding structure with memory elements, applying a binary
mask derived from such sparse matrices would overly restrict
the attention scope and mask out too much potentially useful
information. This over-constraint leads to suboptimal perfor-
mance, especially when dealing with noisy channels where
subtle relationships between distant bits can aid in error cor-
rection.

Intuitively, positions that are farther apart should have a
weaker influence on each other. Thus, the distance between
codewords is an important indicator to consider when con-
structing the weight matrix. As a graphical representation of
the algebraic structure of codes, the Tanner graph establishes
a connection between codeword bits and parity-check con-
straints, which is an effective tool for capturing the inherent
relationships in convolutional codes. We propose to design
our attention mechanism based on it to enhance the model’s
ability to model long-distance dependencies and improve de-
coding accuracy.

Inspired by the Foundation Error Correction Code Trans-
former (FECCT) framework [Choukroun and Wolf, 2024a],
we construct a trainable single-input single-output multi-
layer perceptron (MLP) M to map the distance values to at-
tention weights. The MLP M consists of a linear layer of
1-to-32 dimensions, a ReLU nonlinear activation layer, and
a 32-to-1-dimensional linear layer. This mapping transforms
the codeword distances into weights that reflect the strength
of the structural relationship between different positions. We
then apply these weights to the initially computed attention
matrix, through which the mechanism focuses attention on
positions with shorter codeword distances.

Figure 4: Implicit inter-bit correlation self-attention.

Thus, for a given code type with a constructible parity-
check matrix H , we propose to define a function ψ(H) with
inputH ∈ {0, 1}(2l−2+L)(n−k)×(2l−2+L)k and output weight
matrix W ∈ R(2l−2+L)(2n−k)×(2l−2+L)(2n−k), which will
then be applied to the raw self-attention calculation. The
function ψ consists of a Breadth First Search (BFS) algorithm
for Tanner graph and MLP M as afore mentioned. Thus, our
implicit inter-bit correlation self-attention mechanism can be

summarized as

TH(Q,K, V ) =

(
Softmax

(
QKT

√
dk

)
⊙ ψ(H)

)
V. (1)

We detail the implementation of the inter-bit correlation
self-attention mechanism in Fig. 4. This design offers greater
flexibility in capturing structural correlations, as the learnable
MLP can model non-linear relationships between distances
and attention weights that extend beyond simple adjacency
rules. While a standard Transformer treats all position pairs
with equal potential relevance in its attention computation,
the proposed distance-based weighting can be viewed as a dy-
namic adjacency matrix where edge strengths are determined
by the algebraic distance in the Tanner graph.

3.3 Architecture
The input of the model is a (2l−2+L)n-dimensional vector.
In the embedding stage, features are extracted through differ-
ent methods and then concatenated into a (2l−2+L)(2n−k)-
dimensional vector. Subsequently, each element of this vec-
tor is embedded into a dmodel-dimensional word vector via
a trainable embedding matrix src emb. The decoder mod-
ule is composed of Ndec stacked encoding layers, each with
identical structure but independent parameters. Each encod-
ing layer consists of an inter-bit correlation self-attention sub-
layer and a feed-forward sublayer, connected through residual
connections and layer normalization. The output integration
part is dual to the embedding stage: it intercepts the corre-
sponding feature intervals, processes them separately through
fully connected layers, and then integrates them to form the
final output. An illustration of the model is presented in Fig.
5.

Figure 5: The architecture of the proposed framework.

The feed-forward sublayer consists of a dimension expan-
sion layer, a gated activation layer, and a dimension compres-
sion layer. The dimension expansion layer maps the output
of the self-attention sublayer to a higher dimension, which is
set to 4dmodel in our implementation, and the gated activa-
tion layer applies the GELU activation function to introduce
non-linearity.
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The output mapping module first splits the encoder output
into magnitude and syndrome feature embeddings. It pro-
cesses the latter with HT before concatenating them with the
former, and finally feeds the result into a fully connected layer
to obtain the predicted value zpred.

3.4 Training
The loss function is defined based on the cross-entropy be-
tween the model’s prediction zpred and the target 0.5(1 −
sign(zmul)), where zmul = y × x̂. The prediction of the
original codeword is derived as xpred = 0.5(1− sign(zpred×
sign(y))).

We adopt the Adam optimizer [Kingma and Ba, 2014]
along with a cosine annealing learning rate scheduling strat-
egy during the training process. The learning rate is initial-
ized to 10−4 and decays down to 1 · 10−6 by the end of train-
ing. By default, we set the batch size to 128, dmodel = 32
and Ndec = 6 for standard architectures, and the number of
epochs to 1000. We typically set the number of blocks for
single codeword data in the range of 80− 120.

In the training phase, noise with random Signal-to-Noise
Ratio (SNR) values is adopted. For data usage, the train-
ing process exclusively utilizes all-zero codewords, while the
testing phase employs randomly generated codewords. This
training strategy is widely adopted in [Choukroun and Wolf,
2022; Park et al., 2025b], as the all-zero codeword alone is
sufficient for model training. The training and inference pro-
cesses are performed on an NVIDIA RTX 5090 GPU with 32
GB of memory and an NVIDIA RTX 3090 Ti with 24 GB of
memory. The underlying computing hardware includes mul-
tiple processors: an AMD EPYC 9754 128-Core Processor
and an Intel(R) Xeon(R) Gold 5220R CPU. The system is
equipped with 503 GiB of system memory. The software en-
vironment is built on Ubuntu 22.04.5 LTS with Python 3.13.2
as the main programming language. Training time ranges
from 12 to 48 hours, depending on the code length.

4 Experiments
We train the proposed architecture for convolutional codes
of various code rates to evaluate our method. The codes
we consider include (2,1,3), (2,1,4), (2,1,7), (3,1,3), (3,2,3)
and (4,3,3), covering self-orthogonal convolutional codes and
non-self-orthogonal convolutional codes; systematic convo-
lutional codes and non-systematic convolutional codes. We
compare our proposed method with the Viterbi-like RNN de-
coder introduced by [Kim et al., 2018] as well as the conven-
tional Viterbi algorithm. Additionally, we benchmark our ap-
proach against state-of-the-art Transformer-based decoders,
including MMECCT [Park et al., 2025a] and CrossMPT
[Park et al., 2025b]. The results are all obtained by reproduc-
ing the code and running it in the same environment. All the
results are reported as bit error rates (BER) for different nor-
malized SNR values. During the testing phase, our decoder
processes at least 105 codewords to validate data reliability.

The results compared to the Viterbi algorithm are reported
in Tab. 1, where we present the negative natural logarithm of
the BER. We evaluated six distinct convolutional codes, each
with two distinct codeword block lengths. The Viterbi de-

coder can be regarded as an optimal way to implement Maxi-
mum Likelihood (ML) decoding for convolutional codes at
AWGN channels. From a comprehensive perspective, the
BER performance of our method is competitive with the
Viterbi algorithm for codewords at lower code rates. For
higher rate codewords, the performance gap of our method
is acceptable given the substantial computational overhead of
the Viterbi algorithm.

We then compare our method with NViterbi. The NViterbi
architecture is designed for the rate-1/2 RSC code, and can be
trained to decode other types of convolutional codes by ad-
justing network parameters. Reproducing experiments with
the model parameters of the rate-1/2 convolutional code from
their paper, we find that the model performed effectively
for smaller constraint lengths (e.g., a constraint length of 3
or 4). However, its performance significantly deteriorated
for longer constraint lengths (e.g., a constraint length of 7).
Therefore, we conducted a comparative analysis of the (2,1,3)
and (2,1,4) codes, evaluating both our proposed model and
the NViterbi algorithm in Fig. 6. As can be seen, our method
outperforms NViterbi at every normalized SNR value.

Figure 6: Comparison of BER performance for two distinct con-
volutional codes, (2,1,3) and (2,1,4), each with a block length of
100. Two decoding methods were evaluated: our proposed method
(TCCD) and NViterbi.

In addition, we benchmark our proposed method against
the state-of-the-art error correction code decoders MMECCT
and CrossMPT in Fig. 7. The evaluated codewords cover
six different parameter configurations, all with a block length
of 40. We observe that the BER curves of MMECCT and
CrossMPT are highly similar. Overall, our decoder demon-
strates comparable performance to these methods at low
signal-to-noise ratios, while exhibiting a clear advantage at
higher signal-to-noise ratios.

We further conduct simulation experiments under Rayleigh
fading channel. The received signal over the channel is given
as: Y = Hx+Z , where H ∈ RNr×Nt denotes the Rayleigh
fading channel matrix, in which each element is an indepen-
dent and identically distributed Rayleigh fading coefficient
with the scale parameter α = 1; Nt represents the number
of transmit antennas and Nr denotes the number of receive
antennas. We adopt a standard 2 × 2 multiple input multiple
output (MIMO) configuration for performance evaluation, ex-
periments on (2, 1, 3) codewords are performed based on the
above channel model and we compare it with Viterbi method.
We evaluate the decoding accuracy of the proposed scheme
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Code
TCCD Viterbi

blk len 40 blk len 100 blk len 40 blk len 100

4 5 6 4 5 6 4 5 6 4 5 6

(2,1,3) 5.65 7.03 8.71 5.68 7.09 8.85 5.77 7.05 8.59 5.89 7.24 8.89

(2,1,4) 5.94 7.45 9.40 6.01 7.54 9.40 6.18 7.50 8.94 6.39 7.85 9.48

(2,1,7) 5.08 6.90 9.32 4.99 6.81 9.24 6.29 7.66 9.06 7.27 8.59 9.92

(3,1,3) 5.56 6.81 8.30 5.58 6.63 8.32 5.86 7.07 8.46 5.98 7.22 8.66

(3,2,3) 5.70 7.17 9.08 5.71 7.22 9.07 2.77 5.98 9.85 5.89 7.41 9.24

(4,3,3) 5.79 7.46 9.49 5.82 7.49 9.58 6.04 7.76 9.74 6.02 7.74 9.80

Table 1: A comparison of the negative natural logarithm of BER for three normalized SNR values of our method with the Viterbi algorithm.
Higher is better.

Figure 7: A comparison of bit error rate (BER) performance among CrossMPT, MMECCT, and the proposed TCCD under six distinct
convolutional code configurations. The top row shows results for codes with parameters (2,1,3),(2,1,4),(2,1,7) from left to right, while the
bottom row corresponds to (3,1,3), (3,2,3), (4,3,3), respectively.

under the above experimental setup, and the detailed exper-
imental results are presented as in Fig. 8. Although there
remains a gap between our BER and that of maximum like-
lihood decoding, the sufficiently strong performance demon-
strates the applicability of our approach over Rayleigh fading
channels.

Figure 8: BER performance comparison of TCCD and Viterbi de-
coding algorithms for the (2,1,3,100) codeword over 2×2 MIMO
Rayleigh fading channel.

5 Analysis
In this section, we study the impact of the proposed bidi-
rectional context aggregation and implicit inter-bit informa-
tion extraction. We also examine and compare the computa-
tional complexity and decoding latency with the conventional
Viterbi algorithm.

5.1 Ablation Study
We first study the impact of our bidirectional context aggrega-
tion mechanism. As shown in Fig. 9, the benefit obtained by
our bidirectional context aggregation mechanism is clear and
understandable, which further corroborates the transformer’s
ability to extract such implicit relationships between adjacent
code blocks.

We then demonstrated the effectiveness of the implicit
inter-bit information extraction method. We compare the par-
ity check matrix masking method in ECCT [Choukroun and
Wolf, 2022] with our attention weight fine-tuning, as shown
in Fig. 10. It is evident that our method yields superior per-
formance, indicating that leveraging the hidden internal in-
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Figure 9: Comparison of the BCA and UCA input processing meth-
ods. All codewords are tested under a fixed block length of 20.

formation between bits is beneficial for improving decoding
efficiency in convolutional codes.

Figure 10: BER performance for parity check matrix (denoted as
PCM) mask and attention weight fine-tune method used in TCCD
on two convolutional codes.

We investigate the impact of the single-input single-output
multi-layer perceptron size, as proposed in the implicit inter-
bit information extraction mechanism, on the performance of
our model. Our tests across two different codewords revealed
that network size had minimal impact on model performance,
as shown in Fig. 11. This suggests that a perceptron with a
hidden layer width of 32 is sufficient to capture the necessary
information.

Figure 11: Comparison of different hidden layer widths in percep-
tron.

5.2 Computational Complexity
The complexity of the network is defined by O(Ndec((L +
2l − 2)2(2n − k)2dmodel + (L + 2l − 2)(2n − k)d2model)),

Code TCCD MMECCT CrossMPT

Parameter FLOPs Parameter FLOPs Parameter FLOPs

(2,1,7) 8.54× 104 2.11× 107 1.91× 105 1.82× 107 8.61× 104 9.08× 106

(3,2,3) 9.30× 104 2.52× 107 2.23× 105 2.42× 107 9.57× 104 1.21× 107

(4,3,3) 1.05× 105 3.52× 107 2.65× 105 3.03× 107 1.09× 105 1.51× 107

Table 2: A Comparison of parameters and FLOPs for TCCD with
MMECCT and CrossMPT.

Viterbi(ms) TCCD(ms) MMECCT(ms) CrossMPT(ms)

(2,1,7) 114.6 3.735 6.012 44.962
(3,2,3) 2692.0 11.395 7.036 27.266
(4,3,3) 12850.0 33.743 5.907 92.709

Table 3: A comparison of decoding latency of TCCD with Viterbi
and Transformer-based decoders.

where k/n is the code rate, l is the constraint length, L is
the block length and Ndec, dmodel are network hyperparam-
eters. Given the same codeword parameters and an identical
decoding length, the Viterbi algorithm exhibits a decoding
complexity of (L + l − 1)n · 2k(l−1), where k(l − 1) is the
number of trellis states. Despite its high performance, our
proposed method, much like the majority of neural network
decoding algorithms, lacks sufficient efficiency when com-
pared to traditional decoding algorithms, with the exception
of cases where number of trellis states is the primary determi-
nant of complexity. In Tab. 2, we evaluate the computational
complexity (parameters and FLOPs) of TCCD, MMECCT,
and CrossMPT across various (n, k, l) configurations with a
fixed block length of 40.

5.3 Decoding Latency
Decoding latency is a crucial metric in real-time communi-
cation systems. We evaluate the proposed TCCD decoder
against the conventional Viterbi decoder and Transformer-
based decoders. The evaluation results were presented with a
floating-point precision of float32, based on 105 trials with an
information block length of 40. As shown in Tab. 3, Our pro-
posed method achieves a latency between those of MMECCT
and CrossMPT, and is substantially lower than that of the con-
ventional Viterbi algorithm.

6 Conclusion
This paper proposes a convolutional code decoder based on
the Transformer architecture, which is capable of efficiently
processing various types of codewords. The proposed model
achieves state-of-the-art BER accuracy compared to high-
performance neural network decoders by leveraging the bidi-
rectional context aggregation mechanism and implicit inter-
bit information extraction. Our method achieves decoding ac-
curacy close to that of maximum-likelihood decoding, while
offering significantly higher decoding throughput. Future
work can focus on optimizing the model’s architecture to fur-
ther reduce computational complexity and latency, as well as
extending the proposed framework to other sequential codes
like punctured convolutional codes or Turbo codes, collec-
tively contributing to the development of next-generation AI-
powered communication systems.
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