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Abstract: The practicality of the densely packed and spectrally efficient 4096-Quadrature Amplitude Modulation (4K-
QAM) is obstructed by the ultra-high computational complexity of its soft demapper, which is essential for generating the
soft outputs required by channel decoders. In this paper, we propose an efficient training scheme to build a highly effective
neural network based 4K-QAM soft demapper that can offer significantly lower computational complexity. The results
demonstrate that this alternative demapper can achieve comparable decoding performance in coded 4K-QAM systems,
while reducing computational complexity by up to 20% compared with the well-known low-complexity max-logarithm
of maximum a posteriori (log-MAP) demapper.
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1. Introduction
It has been recently shown that neural network can be utilized in modern digital communication system [1–3]. It is

well known in communication research and society that quadrature amplitude modulation (QAM) is absolutely essential
[4–6]. QAM is very popular to be chosen as the primary modulation scheme for almost all current and upcoming
communication standards due to its ability to support high bandwidth efficiency by increasing the modulation order or
constellation size, without requiring additional bandwidth [7, 8]. For this work, we focus only on 4K-QAM, which
possesses a dense 4,096-point constellation and supports 12 bits per modulated symbol. This ultra-high-order QAM is
expected to play an important role in significantly increasing bandwidth efficiency, particularly in the transition from Wi-
Fi 6 to Wi-Fi 7 [9]. Moreover, due to its great bandwidth efficiency, this specific modulation scheme has been discussed
in other communication contexts [10, 11].

In order to utilize 4K-QAM in modern communication systems, two major challenges are addressed in this paper.
The first is the excessively high computational complexity of the receiver. As the QAM order increases, its computational
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complexity grows significantly [12]. Thus, this issue becomes particularly serious for 4K-QAM. The second challenge
is integrating 4K-QAM with forward error correction (FEC) codes. The dense constellation points in 4K-QAM make it
more susceptible to noise and interference, requiring a high performance FEC code and a higher signal-to-noise ratio at the
receiver to maintain reliable communication. The Wi-Fi 7 standard addresses this by employing low-density parity-check
(LDPC) codes as the FEC scheme for 4K-QAM, due to their superior error correction capabilities. To fully apply these
codes in 4K-QAM system, the 4K-QAM receiver must convert a received symbol into soft bits, typically represented as
log-likelihood ratio (LLR) [13]. This process is referred to as soft demapping and the receiver can be technically called
as 4K-QAM soft demapper.

The logarithm ofmaximum a posteriori (log-MAP) algorithm, which is the optimal approach, can be straightforwardly
employed as a QAM soft demapper to provide the exact LLR calculations [14]. However, the computational complexity
of this method increases exponentially with the modulation order, making it impractical for 4K-QAM systems. To address
this, the max-log-MAP algorithm has been introduced as an log-MAP approximation [15]. Unfortunately, computational
burden of this solution remains high for 4K-QAM. To further reduce complexity, neural network, one of the most popular
machine learning techniques, has recently gained attention as an alternative approach [16–20]. From these works, there
are strong evidence that the neural network based QAM soft demapper can achieve desirable performance with substantial
complexity reduction across a wide range of modulation orders, from 16 to 1,024.

With the motivation from aforementioned works, we further investigate the application of neural networks in 4K-
QAM systems. The contributions of this paper are summarized as follows:

1. The methodology for gathering the dataset is presented.
2. A pre-processing technique based on simple min-max scaling that facilitates training process is proposed.
3. A new accuracy metric based on sign agreement is introduced to preliminarily assess neural network performance.
4. Neural network architectures aimed at reducing complexity are explored.
These four aspects are referred to as the efficient training scheme for developing a 4K-QAM soft demapper. The

remainder of this paper is structured as follows. Section II describes the system model and problem statement. Section
III introduces the application of neural network as QAM demapper. The proposed training scheme is detailed in Section
IV. Results are discussed in Section V, and finally, Section VI concludes the paper.

2. System model and problem statement
The systemmodel of coded 4K-QAM system is depicted in Figuer 1. Assuming that FEC code is a type of block code,

a block of k information bits, m = [m1, . . . , mk], is firstly encoded into a codeword, c = [c1, . . . , cn] at the transmitter
side, where n > k. The n−k redundant bits are derived from k information bits and this code is referred to as (n, k) block
code with coding rate R = k/n. Then, the codeword of length n bits is subsequently fed into 4K-QAM mapper. This
mapper is defined by complex QAM constellation,Q, that contains M = 4,096 modulated symbols in which each symbol
q ∈ Q is labelled with unique 12 binary digits. This implies that a 4K-QAM symbol can carry log2(M) = 12 bits and a
coded 4K-QAM transmission provides Rlog2(M) bits/channel use. With this kind of mapper, one codeword is mapped
into p = n/12 modulated symbols, denoted by q = [q1, . . . , qp].
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Figure 1. A system model for the communication system utilizing 4K-QAM and FEC. The information is transmitted from the transmitter (upper part)
to the receiver (lower part) through a channel (rightmost part)

For this study, the LDPC codes defined by Wi-Fi 7 standard, in which 4K-QAM is considered to be useful, are
chosen as FEC code [7]. The modulation constellation is Gray-coded rectangular 4K-QAM. All possible input binary
sequences of this model are assumed to be equiprobable. Accordingly, all the modulated symbols in Q are equally likely
to be transmitted. The 4K-QAM constellation is normalized so that unit average transmitted power is achieved.

Considering a baseband discrete time model for an uncorrelated Rayleigh flat fading channel, the received signal,
r = [r1, . . . , rp], for coded 4K-QAM system is given by

r = h⊙q+n. (1)

The vector h = [h1, . . . , hp] denotes the Rayleigh fading vector whose each entry is assumed to be an i.i.d. complex
Gaussian random variable with zero mean and unit variance. The operator ⊙ denotes element-wise multiplication, i.e.,
Hadamard product. The vector n = [n1, . . . , np] is a noise vector whose entry is an i.i.d. complex Gaussian random
variable with zero mean and variance σ2. The signal to noise ratio of this coded system is expressed in terms of the
energy per bit to noise spectral density as Rlog2(M)Eb/N0.

The 4K-QAM demapper extracts soft outputs in terms of LLR for each coded bit, ci, by using a MAP relation as
follows

ℓi = ln
(

Pr(ci = 1 | r j)

Pr(ci = 0 | r j)

)
, i = 1, . . . , n, j = ⌈i/12⌉.

Following the channel model defined in (1) and assuming channel side information at the receiver, the calculation of
LLR based on above log-MAP formula can be expressed as [16]

ℓi = ln


∑

q∈Q1
d

exp
(
−∥q−r j∥2

σ2

)
∑

q∈Q0
d

exp
(
−∥q−r j∥2

σ2

)
 , d = 1, . . . , 12, (2)

whereQ1
d ⊂Q is the subset of complex QAM constellation that contains only modulated symbols whose their d-th binary

digit corresponds to bit 1. The subset Q0
d can be interpreted similarly but for bit 0. The log-MAP demapper defined by

(2) is regarded as the optimal demapper. With this LLR extraction, the 4K-QAM demapper can provide l = [ℓ1, . . . , ℓn]

to FEC decoder and the estimation, m̂, is finally made.

Contemporary Mathematics 1542 | Puripong Suthisopapan, et al.



The computational complexity of log-MAP demapper grows with the order of constellation size. Therefore, when
considering 4K-QAM and beyond, the direct implementation of such an optimal approach is impossible. To alleviate this
problem, log-MAP formula can be approximated as follows [16],

ℓi ≈
1

σ2

min
∥∥q− r j

∥∥2

q∈Q0
d

−min
∥∥q− r j

∥∥2

q∈Q1
d

 . (3)

Based on this approximation, the demapper is sub-optimal and known in the literature as max-log-MAP demapper.
This demapper is superior than its optimal counterpart since its computational complexity is much lower due to the
absence of complex exponential and logarithmic functions. Note that the 4K-QAM demapper converts a complex noisy
received symbol into 12 real-valued LLRs, i.e., symbol-to-bit conversion. The max-log-MAP demapper is considered as
the conventional demapper and its computational complexity is set to be a benchmark.

3. Neural network based 4K-QAM demapper
The universal approximation theorem suggests that neural network is capable of learning complex relationship in

data [21]. Thus, it is intuitive to think that the relationship between the noisy 4K-QAM symbol and its associated LLRs of
the 4K-QAM demapper, described in the previous section, can be imitated by a neural network. With this idea, the neural
network needs to perform regression task to predict 12 real-valued LLRs from a received symbol. We refer to this kind of
neural network as neural network based 4K-QAM soft demapper and its typical architecture is depicted in Figuer 2. It is
seen that nodes or neurons in two adjacent layers are connected through the edges and each edge has its own weight, i.e.,
multiplying constant.

Figure 2. The regression neural network for performing 4K-QAM demapper. Typically, a neural network comprises of three main layers which are
input layer, hidden layer and output layer as depicted in this figure. The neural network used in this paper is considered as a deep neural network since
two or more hidden layers are employed. The number of neurons in each hidden layers is specified by vτ , τ = 1, . . . , d where d is a number of hidden
layers

The above architecture can be briefly described as follows. A complex received symbol r j and its corresponding
complex channel fading coefficient h j are both firstly prepared in terms of scalars. Mathematically, the vector x0 =

[Re(r j) Im(r j)Re(h j) Im(h j)]
T is served as the input of this network. Accordingly, as can be seen from the figure, the

input layer of the network is defined by 4 nodes. For the τ-th hidden layer, the output vector xτ can be specified by the
following equation [16]
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xτ = f (Wτ xτ−1 +bτ) , τ = 1, . . . , vd . (4)

The function f (·) represents the activation function of neuron. The matrix Wτ and the vector bi represent weights
and biases involved in the τ-th hidden layer, respectively. The output vector of the last hidden layer, xvd , is finally fed
into a linear output layer, comprising of 12 nodes, which can be written as

[ℓi, . . . , ℓi+11]
T =

(
Wℓxvd +bℓ

)
, (5)

where weights and biases for the output layer are denoted by Wℓ and bℓ, respectively. Above equation produces 12 LLRs
associated with 12 bits of 4K-QAM symbol. This architecture is known in the literature as feed forward fully connected
deep neural network [22].

The process of determining the appropriate weights and biases for the underlying neural network architecture is
known as the training process. This process is briefly outlined as follows. By repeatedly transmitting 4K-QAM signals
as defined in (1), a large dataset is collected. The dataset consists of a significant number of input-output pairs, where
each input (feature) includes the received 4K-QAM symbols and Rayleigh fading coefficients, while the output (response
or ground truth) consists of the corresponding 12 LLRs. Hence, each sample in the dataset comprises 4 features and 12
responses. Note that each received 4K-QAM symbol and its associated channel fading is represented as a single vector,
as described for x0. Next, a specific loss function is defined to compute the difference between the actual LLRs and the
predicted LLRs. Before training, the weights and biases are randomly initialized. An iterative gradient-based learning
algorithm is then applied to minimize the predefined loss function and the weights and biases are updated during each
iteration, also known as epoch. The learning process terminates when a stopping criterion is met. If the training process
is successful, meaning the training loss is sufficiently small, the neural network is equipped with the appropriate weights
and biases.

Despite our efforts to adjust the network architecture or increasing the size of dataset, neural network cannot learn
the complex relationship of the conventional demapper. Therefore, simply inputting the dataset into the network does not
yield satisfactory results. We present our approach to solve this problem in the following section.

4. Proposed training scheme for neural network based 4K-QAM soft demapper
Through several trials, it is observed that both the log-MAP and max-log-MAP demappers provide the coded

4K-QAM system with identical BER performance. However, the LLR magnitudes from the log-MAP demapper are
significantly higher than those from the max-log-MAP demapper. Moreover, the range of each LLR bit produced by
the log-MAP demapper varies considerably. For ease of training, the dataset is collected solely from the max-log-MAP
demapper. A dataset containing up to 500,000 samples is then used in the training process to develop the neural network-
based 4K-QAM soft demapper. However, the neural network still cannot learn to imitate this conventional demapper.

It is important to note that in the Gray-coded rectangular 4K-QAM constellation, the LLR of the 1-st bit is paired
with the LLR of the 7-th bit, and so on. Note also that the low magnitude of LLR represents high level of ambiguity. Due
to the decision regions of this very dense constellation, the level of LLR ambiguity increases in ascending order from the
1-st bit LLR to the 6-th bit LLR. Figure 3 partially illustrates the ambiguity comparison between the LLRs of the 1-st
bit and the 6-th bit. This figure also confirms about the pair between two bits. This relationship suggests that the high
level of ambiguity may cause issues during training. Careful examination of the training results confirms that the problem
primarily occurs with the LLR of bit 5, 6, 11, and 12. To clearly show this, the sign agreement between the ground truth
LLR and the predicted LLR for the s-th bit is introduced:
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a(s) = 1− 1
nb

nb

∑
g=1

∣∣sgn
(
ℓg(s)

)
− sgn

(
ℓ̂g(s)

)∣∣, s = 1, . . . , 12. (6)

The total number of LLR samples from the dataset involved in the i-th LLR bit is represented by nb = nd/12. The
g-th ground truth LLR for the s-th bit is ℓg(s) and ℓ̂g(s) is its predicted counterpart. The function sgn(·) denotes the sign
function. With this setup, a(s) represents the accuracy of sign prediction for the s-th bit and the maximum value is 1.00
(100%). As expected, the sign agreement for bits 5, 6, 11, and 12 lies in the low accuracy range of (0.56, 0.73) whereas
the rest of the bits show higher agreement in the range of (0.82, 0.93). Thus, a solution is needed to address the low
accuracy in some specific bits.

Figure 3. Histogram for the LLR. The left is for the 1-st bit and the right is for the 6-th bit. It can be seen that range of LLR for the 6-th bit is much
more narrower than that of the the 1-st bit

To address the aforementioned issue, we attempt to expand the narrow range of low accuracy bits using min-max
scaling. This scaling approach, commonly known as feature normalization, is applied to the s-th bit LLR as follows:

ℓ′g(s) =
ℓg(s)− ℓmin (s)

ℓmax (s)− ℓmin (s)
· (rmax(s)− rmin(s))+ rmin(s). (7)

The scaled LLR is denoted by ℓ′g(s). The original maximum and minimum LLR values are ℓmax(s) and ℓmin(s),
respectively, while the new (desired) maximum and minimum LLRs are rmax(s) and rmin(s), respectively. This scaling is
applied only to low accuracy bits 5, 6, 11, and 12. Based on experimental results, the appropriate value for rmax(s) is five
times the original, and this is also true for the minimum. With the modified dataset utilizing this partial min-max scaling,
Table 1 clearly demonstrates that this approach significantly enhances the training process.

Table 1. Accuracy per bit before and after min-max scaling

accuracy/s 1 2 3 4 5 6

a(s) 0.93 0.93 0.89 0.82 0.73 0.58
ascaled(s) 0.96 0.95 0.94 0.94 0.93 0.90

accuracy/s 7 8 9 10 11 12

a(s) 0.93 0.92 0.88 0.83 0.71 0.56
ascaled(s) 0.95 0.95 0.95 0.94 0.93 0.90
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The effectiveness of min-max normalization lies in its ability to handle bits with high ambiguity, where the range
of LLR is narrow. In such cases, it is easier for the neural network to predict incorrectly, both in magnitude and sign.
Since the sign of LLR is critical, this min-max normalization mitigates this issue by aligning the scale of inputs, thereby
improving prediction accuracy.

Before going to show the result of neural network based soft demapper, Table 2 that summarizes the differences
among the three types of demappers : log-MAP, max-log-MAP, and the neural network approach is conducted. This table
provides a clearer comparison of the methods and highlights their respective characteristics.

Table 2. Comparison of log-MAP, max-log-MAP, and neural network approach

Aspect log-MAP max-log-MAP Neural network-based demapper

Optimality Optimal Suboptimal Suboptimal
Complexity Unacceptable Acceptable Acceptable
Scalability No More scalable Highly scalable

Training/Data requirement No No Yes
Training/Data requirement No No Yes

5. Results and discussion
The performance of the LDPC coded 4K-QAM system employing the proposed neural network-based 4K-QAM

demapper is presented in this section. The structure of the LDPC codes is strictly based on the Wi-Fi 7 standard. The
min-sum algorithm with 100 decoding iterations is employed as the LDPC decoder. The dataset is collected from a
single operating point, specifically the Eb/N0 at which the BER is 10−6. Therefore, only one neural network model
is built and used across the entire testing range. The parameters and relevant setting for training are outlined as follows.
Stochastic Gradient Descent with momentum (SGDM) is selected as the learning algorithm, with mean square error (MSE)
defined as the loss function. The number of epochs and batch size are tuned to maximize accuracy. Additionally, well-
known techniques, include batch normalization and dropout, are employed to improve performance. Table 3 summarizes
the parameter used in constructing neural network. While the dataset size can be increased, training time remains a
significant limitation. During training, saturation may occur in some trials, however, we pay our attention only on the
BER performance.

Table 3. Parameters for neural network

Name Value

Optimizer SGDM
Loss MSE

Number of epochs 2,000
Batch size 1,024

Learning rate 0.001
Number of hidden layer 6
Neurons per hidden layer 128

Dataset size 500,000

Figure 4 shows the performance of an (n = 648, k = 324) LDPC-coded 4K-QAM system with three different
demappers. To ensure lower computational complexity, which is the primary goal of this work, the neural network
architecture is chosen to achieve approximately a 20% reduction in complexity compared to the conventional demapper.
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Specifically, this deep neural network consists of six hidden layers, where each layer uses 128 neurons. To show the merit
of this proposed demapper, the complexity analysis in terms of floating point operations (FLOPs) is presented in Table 4.
The parameters ni and no represent the number of nodes in the input and output layers, respectively. The FLOPs required
for the log-MAP, max-log-MAP, and neural network demappers are approximately 30 MFLOPs, 0.25 MFLOPs, and 0.2
MFLOPs (20% reduction), respectively. It is anticipated that the structure of this neural network, with significantly lower
complexity, can be further explored.

Table 4. Computational complexity of the proposed neural network based 4K-QAM demapper

Operation Input-to-hidden Hidden-to-hidden Hidden-to-output

Input normalization z =
x−µ

σ
2ni - -

Linear transformation Ax+b 2niv1 2vτ vτ+1 2vdno

Activation function max(0.01y, y) v1 vτ -

Batch normalization γ
(

y−µ
σ

)
+β - 4vτ -

Output descaling
(x−min′)(max−min)

max′−min′
+min - - 3no

In our analysis, the computational complexity in terms of FLOPs is evaluated. It is important to note that additions
(subtractions), multiplications (divisions), exponentiations, and logarithms are inherently included in FLOPs. This
approach provides a unified metric for comparing the computational workload of various methods. The advantage of
using FLOPs as a metric is that it offers a holistic measure of computational complexity. It is known in literature that
FLOPs is a machine-independent computational complexity measure. Moreover, a number of FLOPs are reasonable to
represent how fast a method could be executed. Therefore, it is not surprising to see that this metric has been adopted in
many researches in order to demonstrate computational complexity analysis [23–25].

Figure 4 clearly shows that the proposed neural network-based 4K-QAM demapper with accuracy 94% provides
excellent system performance. When compared to both the optimal log-MAP demapper and the sub-optimal max-log-
MAP demapper, our approach exhibits negligible coding loss. This indicates that the proposed demapper can effectively
imitate the functionality of the conventional demappers, not only at the data collection point but across the entire Eb/No

range. It is also shown in this figure that the proposed demapper with lower complexity achieve lower accuracy and cannot
achieve the benchmark performance. It can also be observed that both conventional demappers provide the LDPC-coded
4K-QAM system with identical performance. This confirms the validity of selecting the max-log-MAP demapper as the
benchmark and justifies collecting the dataset from this sub-optimal demapper rather than the optimal one.
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Figure 4. The BER performance of the (n = 648, k = 324) LDPC coded 4K-QAM system. The coding rate is R = 1/2 and one LDPC codeword is
equivalent to p = 54 4K-QAM symbols. Three different demappers, which are log-MAP, max-log-MAP and neural network, are chosen for comparison
purpose. For neural network, the average accuracy is also shown in parentheses. The proposed neural network based 4K-QAM demapper is built from
dataset gathered on Eb/No = 23 dB

The performance of the proposed neural network-based soft demapper is dependent on the accuracy of the neural
network model. For a neural network with 94% accuracy, the performance is comparable to the benchmark (Max Log-
MAP), as the coding loss in the high SNR region is within 0.4 dB. This demonstrates that the proposed method can achieve
similar BER performance to the benchmark while reducing computational complexity by approximately 20%. However,
for a neural network with 90% accuracy, the goal is to illustrate the trade-off between complexity and performance. While
the BER performance decreases significantly due to reduced accuracy, the significant reduction in complexity makes this
approach suitable for applications where computational efficiency is a priority.

With similar motivation and designing strategy, we further demonstrate that the proposed neural network based 4K-
QAM demapper can also exhibit the great performance in different coded 4K-QAM system scenarios. The performance
of (n = 1296, k = 864) LDPC coded 4K-QAM system with our neural network approach and max-log-MAP demapper is
depicted in Figuer 5. As expected, the proposed neural network based 4K-QAM demapper can still imitate the function
of max-log-MAP demapper even when the codeword size and coding rate are changed.

Figure 5. The BER performance of the (n = 1,296, = 864) LDPC coded 4K-QAM system. Each codeword transmission can be represented by p = 108
4K-QAM symbols. The coding rate is R = 2/3. The proposed neural network based 4K-QAM demapper is built from dataset gathered on Eb/No = 25
dB
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6. Conclusion
The 4K-QAM modulation scheme is a promising trend in high-speed communication systems due to its ability to

provide superior spectral efficiency over scarce and expensive spectrum resources. However, the excessive computational
complexity associated with its soft demapper has been considered as a significant obstacle for its widespread deployment.
In this paper, we introduce a neural network based 4K-QAM soft demapper as an alternative to conventional methods.
To enable efficient training, we discovered the necessity of employing min-max scaling for output normalization. By
significantly reducing receiver complexity, our proposed neural network enables the efficient deployment of high-speed
4K-QAM communication systems. This capability is important for supporting real-time applications and interactive
multimedia services in modern communication networks. It is particularly relevant for technologies such as Wi-Fi 7,
Wi-Fi 8, DVB-C2, as well as power line communication (PLC) systems, where high-order modulation schemes like
4K-QAM are considered promising solutions. Furthermore, the overall framework encompassing data preparation, pre-
processing, and model training can be adapted as a comprehensive methodology for developing neural network-based soft
demapper not only for 4K-QAM systems but also for higher-order modulation schemes. We will explore the application of
neural network to 16K-QAM as the future work. This work focuses on the performance of the neural network-based soft
demapper in a SISO channel, limiting its applicability to MIMO channels, which are more common in practical systems.
Additionally, the approach faces constraints related to the large dataset requirements and long training times.
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