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Abstract

The Channel Quality Indicator (CQI) is an essential metric in 5G networks, sup-
porting adaptive infrastructure optimization to ensure a high level of Quality of
Service (QoS). Recent studies have explored enhancing CQI estimation using ma-
chine learning techniques. A key factor in training an accurate model is selecting
an appropriate loss function. Two widely used loss functions are Mean Squared
Error (MSE) and Mean Absolute Error (MAE). Generally, MSE emphasizes outli-
ers more heavily, whereas MAE prioritizes the majority of the data points. In this
work, we highlight the advantages of the Huber loss function for CQI prediction,
as it effectively integrates the strengths of both MSE and MAE. The Huber loss
achieves this by smoothly transitioning between the two, governed by a user-de-
fined hyperparameter called delta. However, manually selecting the optimal delta to
balance the sensitivity to minor errors (as in MAE) and robustness to outliers (as in
MSE) is a challenging task. To overcome this limitation, we introduce a novel loss
function called Residual-based Adaptive Huber Loss (RAHL). RAHL incorporates
a learnable residual into the delta parameter, allowing the model to adapt dynami-
cally to the error distribution in the data. This approach enhances robustness against
outliers while preserving precision for inlier data. Additionally, we leverage various
features to improve CQI prediction accuracy. To evaluate RAHL’s effectiveness, we
evaluate its performance across multiple architectures, including Long Short-Term
Memory (LSTM), parallel 1D Convolutional Neural Networks (CNN1D), and the
Informer model. Experimental results confirm that RAHL consistently enhances
performance across these models, demonstrating its adaptability and reliability.
These findings establish RAHL as a promising solution for improving CQI predic-
tion in 5G networks.
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1 Introduction

The deployment of fifth-generation (5G) networks marks a significant advancement
in telecommunications, introducing three key service categories: enhanced mobile
broadband (eMBB), ultra-reliable low-latency communications (uURLLC), and mas-
sive machine-type communications (mMTC). The effectiveness of these networks
relies on the efficient management of the SG Core, where Network Functions (NFs)
play a crucial role. Ensuring optimal communication requires continuous monitoring
of radio signal quality indicators, which are essential for managing 5G links. These
indicators, including the Channel Quality Indicator (CQI), Signal-to-Noise Ratio
(SNR), Reference Signal Received Quality (RSRQ), Reference Signal Received
Power (RSRP), and Received Signal Strength Indicator (RSSI), provide valuable
insights into link quality. User Equipment (UE) collects these metrics and transmits
them to the evolved Node B (eNB), the base station responsible for communication.
The eNB’s radio network controller then adjusts channel modulation based on these
data, optimizing communication links for UEs.

The reactive nature of this approach presents challenges since the gathered indi-
cators represent past events. Depending only on reactive operations may not be suf-
ficient for optimal performance, particularly in 5G networks that rely on short-range,
high-frequency radio signals and mobile UEs. To address this issue and enable more
proactive network management, predictive analytics, and machine learning algo-
rithms are becoming increasingly essential. These technologies can process histori-
cal data, detect patterns, and anticipate potential network problems or changes. Using
predictive insights allows network operators to take preemptive actions, improving
channel modulation, resource distribution, and overall network efficiency [1-5].

Modern Long-Term Evolution (LTE) and 5G networks have become too complex
for traditional management, prompting the use of Machine Learning-driven automa-
tion in Self-Organizing Networks to improve efficiency and reduce costs. A major
challenge is load balancing in RANs, which requires adaptive solutions that consider
multiple factors. This paper proposes a novel Clipped Double Q-Learning algorithm
that combines resource utilization, latency, and CQI for smarter handover decisions,
showing significant performance improvements over traditional methods in simula-
tions [6]. Accurate downlink link adaptation in uRLLC is challenged by unpredictable
interference from neighboring cells. To tackle this, researchers present enhancements
to the 5G New Radio(NR) CQI measurement and reporting processes aimed at better
estimating the lower percentiles of user channel quality [7]. CQI plays a pivotal role
in 5G resource allocation, particularly in machine-type communication scenarios,
highlighting its importance as a core metric in intelligent network management [8]. A
machine learning framework deployed at the network edge uses CQI, jitter, and other
metrics for real-time traffic classification and load prediction. This enables dynamic
slice reallocation, reducing latency, improving throughput, and enhancing energy
efficiency while continuously adapting to changing network conditions [9]. A com-
bined method using Support Vector Machines (SVM) and Neural Networks (NN)
was developed to adapt the CQI reporting frequency according to predicted chan-
nel stability. Findings indicate that Neural Networks provide more accurate channel
dynamic predictions than SVM, effectively lowering reporting overhead [10]. In the
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context of UAV communications, deep learning methods have been applied to predict
CQI using historical feedback, addressing the issue of CQI aging [11]. A CQI-based
traffic control strategy in Open RAN was shown to improve QoS by adaptively man-
aging VR traffic. This highlights CQI’s key role as both a predictive and actionable
metric for learning-driven 5G network optimization [12].

In communication system design, CQI plays a vital role. It represents the channel
condition, allowing base stations to dynamically adjust service quality according to
real-time variations. This adaptability improves communication efficiency [1]. How-
ever, predicting CQI accurately is challenging due to its fluctuating nature, spanning
values from 0 to 15 and being influenced by multiple environmental factors. Inac-
curate predictions can significantly impact 5G network performance, as CQI guides
modulation decisions and resource allocation. Since base stations depend on CQI
feedback to optimize bandwidth distribution, errors in estimation can lead to reduced
Quality of Experience (QoE) for users, lower application data rates, and inefficient
utilization of network resources.

Machine learning models, despite their effectiveness, struggle to predict CQI with
high accuracy due to sudden variations and fluctuations, which can result in subopti-
mal performance. Consequently, exploring alternative approaches becomes essential.
Selecting a suitable error metric, such as Mean Squared Error (MSE) or Mean Abso-
lute Error (MAE) to assess the CQI signal quality is challenging, as each metric has
its own limitations. In addition, the unique conditions that influence the accuracy of
CQI within the 5G environment further complicate this decision.

To address this challenge, we investigate the Huber loss function. The Huber loss
[13] effectively combines the benefits of MSE and MAE by introducing a hyper-
parameter, delta, which controls the transition between these two loss behaviors.
However, selecting an appropriate delta value manually is not straightforward, as it
requires balancing sensitivity to small errors (MAE) and resistance to outliers (MSE).
To overcome this limitation, we propose the Residual-based Adaptive Huber Loss
(RAHL), where delta is treated as a trainable parameter rather than a fixed value. This
adaptive approach enables the model to dynamically adjust its robustness to outliers
during training, optimizing the trade-off between generalization and precision [13,
14].

The prediction of CQI is inherently a time-dependent task, as the quality of a com-
munication channel is influenced by previous states and fluctuates over time. Given
the temporal nature of this, it is crucial to use models that effectively capture these
time-based patterns. In this study, we selected three models, Long-Short-Term Mem-
ory (LSTM), CNN-1D, and Informer, each offering distinct advantages for handling
time series data. Previous research has already demonstrated the effectiveness of
LSTM, CNN-1D, and Informer for various time series prediction tasks, such as stock
price prediction, energy consumption prediction, and traffic flow modeling [15-17].
These studies highlight the potential of such models to capture temporal dependen-
cies and identify patterns in sequential data. Building on this existing work, we aim to
use these models for CQI prediction, applying them to our data set to predict channel
quality in a time-dependent manner.

LSTMs are well suited to capture long-term dependencies, which makes them
ideal for modeling CQI fluctuations over time. CNN-1D efficiently extracts local fea-

@ Springer



28 Page 4 of 23 Journal of Network and Systems Management (2026) 34:28

tures and short-term patterns, reducing computational cost and maintaining predic-
tive accuracy. Informer, designed for long-sequence forecasting, uses self-attention
mechanisms to model both global and local dependencies efficiently. Using these
models, we ensure a comprehensive approach to CQI prediction, balancing short- and
long-term pattern recognition while optimizing computational efficiency. Through
this investigation , we systematically evaluated the impact of RAHL in model train-
ing, comparing its performance with alternative loss functions such as Huber, MSE,
and MAE. using the Mean Absolute Percentage Error (MAPE) as the evaluation
metric, our results revealed that RAHL consistently produced lower MAPE values
across all models compared to other loss functions, indicating improved model accu-
racy. This research contributes to a deeper understanding and a broader application
of machine learning models in the forecasting of signal quality indicators, ultimately
leading to improved 5G network performance.

This paper is structured as follows. In Sect. 2, we explore previous studies that
capture current advances in the field. Section 3 describes the features and operational
aspects of the proposed ML models and RAHL. The key quantitative outcomes in
various scenarios are discussed in Sect. 4. Finally, Sect. 5 summarizes the findings
and provides recommendations for future investigations.

2 Related Works

In the realm of network and system management, the emergence of advanced appli-
cations operating on 5G networks, such as AR/VR, cloud gaming, robotics, and
autonomous driving, has introduced a host of new challenges. These applications
demand ultra-low latency and high bandwidth, placing unprecedented strain on tele-
com infrastructures. Managing, controlling and allocating resources across the entire
end-to-end pipeline, from the RAN to the transport infrastructure and core network,
has become increasingly complex. To meet these stringent requirements, intelligent
ML solutions are gaining significant traction. In particular, models that leverage real-
time network indicators, such as the CQI, enable predictive and adaptive resource
allocation strategies. By anticipating network conditions, these models support more
efficient scheduling decisions and improve QoS for latency-sensitive and bandwidth-
intensive applications.

The study in [6] proposed a clipped double Q learning algorithm that improves the
reward mechanism by incorporating several performance indicators, such as CQI,
delay, jitter, and resource utilization, leading to better performance in RAN slicing
and mobility management. Several works have highlighted the critical role of the
CQI in enabling adaptive and predictive resource allocation in 5G. In [7], the authors
focused on improving downlink link adaptation for uRLLC services by proposing
improvements to CQI reporting formats and filtering methods for estimating the tail
SINR, significantly reducing latency in system-level evaluations. The work in [8]
also demonstrated the usage of CQI for the allocation of radio resources in machine-
type communication scenarios, further highlighting its role as a foundational metric
in intelligent 5G resource management systems.
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Another promising direction involves the use of edge intelligence to support real-
time, autonomous network operations. The study in [9] proposed a machine learning
framework deployed at the network edge that performs real-time traffic classification
and load prediction using CQ], jitter, and performance metrics. This enables dynamic
and context-sensitive slice reallocation, resulting in lower latency, better throughput,
and improved energy efficiency. In addition, continuous online learning ensures that
the model adapts to changing network conditions.

In parallel, recent research has explored machine learning-based optimization
of CQI reporting and prediction to improve both performance and signaling effi-
ciency. For example, [10] introduced a hybrid approach using SVM and NN to
dynamically adjust the CQI reporting frequency based on predicted channel stability,
thereby reducing overhead without compromising accuracy. The results showed that
NN outperforms SVM in forecasting channel dynamics. Likewise, [11] proposed a
deep learning-based CQI prediction mechanism tailored to UAV communications,
addressing the effect of CQI aging by forecasting future channel states using his-
torical feedback data. Furthermore, [12] demonstrated a CQI-informed traffic con-
trol strategy in Open RAN, where adaptive handling of VR traffic leads to better
QoS. These findings collectively underscore the centrality of CQI as both a predictive
and an actionable metric, making it a natural and impactful target for learning-based
approaches aimed at optimizing 5G network performance.

In the field of anticipatory networking, where accurate forecasting of wireless
channel quality is essential, researchers have traditionally relied on past channel data
to inform future predictions.

However, a recent study by [2] addresses the challenge of predicting cross-chan-
nel quality. Their novel transfer learning framework leverages both Parera CNN-1D
and LSTM to predict channel quality for specific frequency carriers. Importantly,
the study uses two different model architectures, both trained with the RMSE loss
function, and demonstrates the superior performance of LSTMs compared to other
algorithms.

In their research, [18] presents Informer, an efficient Transformer-based model
designed for long-sequence time-series forecasting. They introduce several innova-
tions, including ProbSparse self-attention, self-attention distilling, and a generative-
style decoder, to overcome the challenges of high complexity and long inference
times typically associated with traditional Transformers.

Numerous challenges in the literature on learning, optimization, and statistics
[19, 20] highlight the necessity of robust solutions, requiring models to be trained
or optimized in ways that reduce their sensitivity to outliers. This ensures that the
models remain resilient against the influence of outliers while being less affected by
the impact of inliers (that is, typical data points) [21, 22]. This approach is commonly
applied in tasks such as parameter estimation and learning, especially when using a
robust loss function like absolute error, which is more advantageous than using non-
robust losses like quadratic error due to its resistance to large errors. In such cases,
it is important to go beyond conventional outlier detection techniques [23, 24] and
focus on designing loss functions that inherently resist the impact of outliers. Among
these, the Huber loss function stands out as an effective choice, as it balances the
mean squared error and absolute error, providing robustness to outliers while still
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being sensitive to inliers. Its flexible nature makes it particularly suitable for situa-
tions where a balance between these two extremes is critical for optimal model per-
formance and generalization [13].

The Huber loss, as proposed by Jadon et al. [25], is a robust combination of the
MSE and MAE loss functions. Introduces a hyperparameter delta (§) that determines
the transition point between the two functions. When the absolute difference between
predicted and true values is smaller than §, Huber loss behaves like MSE. Otherwise,
it transitions to a linear MAE-based function. This dual nature helps balance outliers
sensitivity and stability in gradient-based optimization, and the Huber loss function
offers the advantage of limiting the impact of outliers through linearity above the
threshold 8, unlike MSE.

Adaptive Huber regression offers a robust and data-driven approach to managing
outliers and heavy-tailed distributions in large datasets, in contrast to traditional meth-
ods. This technique dynamically adjusts its parameters to strike a balance between
bias and robustness and has been shown to be effective in a range of data scenarios,
including those with heavy-tailed distributions [26].

n [27], the authors introduce a method for optimizing the exact Huber loss in
scalar regression within a semi-supervised learning framework. Their approach inte-
grates multiview learning, which utilizes information from various data perspectives,
along with manifold regularization. Furthermore, they propose a data-driven adap-
tation of the Huber loss threshold and actively manage the use of labeled data to
minimize the effects of noisy or inconsistent annotations during the training process.

In contrast to [26] and [27], which focus on learning the hyperparameter delta
directly, RAHL instead aims to learn a residual that is added to it. This approach
simplifies deep model training, resulting in enhanced performance.

Drawing on previous research, Table 1 provides a comparative overview of the
main features of each method. In this study, our main focus is on predicting the CQI,

Table 1 Summary listing the main characteristics of the works cited

Work 5G CQlI LSTM CNN-ID Huber Adaptive Huber Informer
Bakri et al. [10]

Pocovi,et al. [7]

Beshley et al. [8]
Tsourdinis et al. [9]
Casparsen et al. [12]
Iturria-Rivera et al. [6]
Bartoli et al. [11]

Parera et al. [2]

Yin et al. [1]

Vankayala and Shenoy [3]
Gokcesu and Gokcesu [13] v

Sun et al. [26] v

Cavazza and Murino [27] v

Jadon et al. [25] v

Zhou et al. [18] v
RAHL v v v v v v v

AN N N NS SENENEN
NN NN N YENENENEN
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Fig.2 Considered CNN 1D model

a vital parameter in 5G networks. Although earlier work has explored similar direc-
tions, our method stands out due to its unique optimization strategy. Considering the
highly dynamic nature of CQI values in 5G environments, our goal is to enhance
the prediction accuracy by tailoring the loss function accordingly. Specifically, we
propose a novel loss function, RAHL, designed to adapt to CQI fluctuations during
training and contribute significantly to performance improvement.

3 System Model

In this paper, we present RAHL for the prediction of 5G characteristics. Our model
effectively uses temporal dependencies, spectral features, and historical data
to improve its predictive performance, with the goal of achieving optimal CQI
estimation.

3.1 The Deep Learning-Based CQI Prediction Models

Building on previous work, we employ LSTM, CNN1D, and the Informer model due
to their ability to capture long-term dependencies and efficiently process sequential
data, making them suitable for accurately predicting CQI values. It is not our inten-
tion to delve deeply into the architectures, but rather to provide a brief introduction
to their functionality.

Figure 1 [11] depicts the LSTM architecture, which is designed to process input
sequences with one-dimensional features. The sequence is initially passed through an
LSTM layer with 64 hidden units, allowing it to capture sequential patterns. This is
followed by a fully connected layer with 64 units that applies non-linear transforma-
tions to the LSTM output. The final regression layer produces a single output value,
which corresponds to the prediction of the model for the given sequence.
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The Parera CNN-1D model as shown in Fig. 2 [2], originally developed to predict
CQI in 4 G networks at future time moments. Its architecture consists of three one-
dimensional convolutional layers that act as feature extractors, followed by a Fully
Connected (FC) output layer designed for the regression task (with one neuron). Due
to the use of one-dimensional convolutional layers, the model takes as input finite
sequences of one-dimensional data, such as vectors or time series, and outputs a pre-
dicted CQI value for a future time instant.

The Informer model shown in Fig. 3 [18] efficiently processes long-sequence data
using a ProbSparse self-attention mechanism in the encoder to focus on critical infor-
mation, with self-attention distillation reducing the network size while maintaining
robustness through stacked layers. The decoder generates output sequentially by pad-
ding target elements with zeros, computing weighted attention from feature maps,
and predicting output in a generative style, enabling scalability and accuracy in long-
sequence forecasting.

3.2 Residual-based Adaptive Huber Loss (RAHL): The Improved Huber Loss for 5G
Features Prediction

In regression tasks, two widely utilized loss functions are the absolute loss,
Li(y, fo(x)) = ly — fo(x)|, and the squared loss, La(y, fo(z)) = (y — fo(2))?,
each offering distinct benefits that require thoughtful selection based on their char-
acteristics. The squared loss, with its strong convexity, tends to enable faster conver-
gence, while the absolute loss is preferred for its resistance to outliers. This contrast
underscores the value of combining the advantages of both loss functions, resulting
in models that can efficiently handle outliers while achieving rapid convergence and
precise model fitting.

The Huber loss is a widely used approach that combines the characteristics of
quadratic and absolute losses, providing a robust function that ensures quick con-

____________ ) — Outputs
] "Concatenated Feature Map : . L ', [, U_',U LICILIY .
7 -iinéo-(-i-er -------- *, | Fully Connected Layer |

Multi-head

: ; 4 Decoder :
' ProbSparse - : Multi-head :
: Self-attention ‘ . -ne :
: i \ ' : Attention s
; Multi-head ; i /Masked Multi-head\ !
- ProbSparse ' : ProbSparse E
\ Self-attention ; ' Self-attention !
R e ’ s | S ’
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Inputs:  Xen Inputs:  Xy={ Xioken> Xo}

Fig. 3 Considered Informer model
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vergence and resistance to outliers [23]. It is commonly applied in regression tasks,
especially when the data includes outliers or noise. By integrating the benefits of
MSE (quadratic loss) and MAE (absolute loss), Huber loss delivers greater resilience
against extreme values compared to using either loss function on its own. The key
transition point in the Huber loss defines the shift from quadratic to absolute loss,
making this parameter a crucial hyperparameter that significantly influences model
performance. However, determining the optimal transition parameter can be diffi-
cult, often requiring substantial hyperparameter tuning to identify the most effective
value [28].
Formally, the Huber loss is expressed as (Eq. 1):

[ M- f@) iy fo@) <6
H{y, fo(w)) = { Sy — o)l — 362, iy fo(a) > 5 M

In this framework, y represents the true value, while fy(x) denotes the predicted
value of the model, with 6 as the training parameters. The hyperparameter ¢ is essen-
tial as a scaling factor, which guides the change in loss penalty from Lo to L;. This
parameter plays a vital role in striking a balance between model accuracy and its abil-
ity to manage outliers. Selecting the right ¢ is crucial, as it determines when the loss
function switches from focusing on precision to prioritizing robustness. A smaller §
results in behavior similar to L, enhancing precision but reducing the resilience of
the model to outliers. On the other hand, a larger § makes the loss function more like
L, improving robustness at the expense of some precision.

Manually tuning the hyperparameter § poses various challenges when using
the Huber loss in the regression model training. These challenges include subjec-
tivity, dataset dependence, increased computational cost, potential overfitting, and
difficulty maintaining an optimal balance between accuracy and robustness. These
issues emphasize the importance of using a more systematic approach, incorporat-
ing advanced hyperparameter optimization methods for improved regression perfor-
mance. To address these challenges, we introduce the RAHL [29],! a novel technique
that enables the model to automatically select the optimal penalty scheme.

Figure 4 [29] illustrates a comparison between RAHL and other commonly used
loss functions, highlighting the influence of outliers on regression models. In this
figure, outliers are depicted as red points, while inliers are shown as blue points.
With the MSE loss function, the resulting model (purple line) is heavily affected by
outliers, causing significant deviations. On the other hand, the MAE loss produces
a model (red line) that fits the inliers well but ignores the outliers. The Huber loss
offers a balance by allowing manual tuning of the § hyperparameter. A large § makes
the Huber loss behave similarly to MSE (black line), while a small § makes it more
similar to MAE (brown line). Therefore, the choice of  is critical, as it controls the
robustness of the model to outliers and influences its overall performance in regres-
sion tasks.

RAHL has been specifically designed to address this challenge by dynamically
adjusting the penalty function, effectively balancing the model’s precision on inliers

!'This work is an extension of a previous paper published in a Brazilian conference.
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Fig. 4 Exploring how different loss functions shape regression models

(blue points) with its resistance to outliers (red points). As shown by the green line,
RAHL adapts to the underlying data distribution, optimizing the trade-off between
accuracy and robustness. This adaptive mechanism boosts the model’s reliability,
leading to better performance in regression tasks that are impacted by outliers.
Mathematically, RAHL follows the same formulation as the Huber loss; however,
rather than relying on a fixed hyperparameter ¢, it dynamically determines § based
on the data. This adaptive adjustment allows RAHL to optimize the trade-off between
inlier sensitivity and robustness to outliers. The calculation of ¢ is given by (Eq. 3

[29]):

3= folx))?, if [y — fo(z)| <6
RAHL(y, fo(x)) —{ g\y—f;(xﬂ— P |y7fz(x)| R ()

5= a +ELU(), 3)

In this formulation, « is a positive hyperparameter that establishes the initial value of
6, while g is a learnable parameter that is added to . To ensure that § remains posi-
tive and within a bounded range, the Exponential Linear Unit (ELU) function [30]
is used in 8. ELU is an activation function that exhibits linear behavior for positive
inputs, while applying an exponential transformation to negative inputs. The math-
ematical definition of ELU is given by (Eq. 4):

T, ifxz>0
ELU(z) = { ae* —1), ifx<0” “)

In this case, « is a constant that controls the smoothness of the function when the
inputs are negative, typically set to 1.0. By selecting this constant to match the value
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of the hyperparameter v of Eq. 3 (which represents the initial value of §), we con-
strain the output to the range [—a, +00), thus ensuring that § remains positive.

Figure 5 [29], illustrates how different values of § influence the Huber loss com-
pared to the absolute (MAE) and quadratic (MSE) losses. Each curve shows the rela-
tionship between the residual (x-axis), which is the difference between the actual
value (y) and the model’s prediction (7), and the loss (y-axis). As § increases, the
Huber loss tends to mimic MSE, while decreasing § makes it closer to MAE. The key
benefit of RAHL is its flexibility to adapt according to the error distribution, allowing
the model to adjust its behavior to resemble MSE or MAE depending on the charac-
teristics of the data.

4 Experimental Evaluation

This section reveals the intricate details of our data collection and methodology,
meticulously describing each step and ensuring a clear understanding of the research
framework.

4.1 Data Collection and Preparation

The data set comprises 83 records of Internet transmissions recorded by G-NetTrack
v18.7 on a Samsung S10 connected to an Irish mobile operator. It includes 3142 min
of transmission logs, organized into three services (File Download, Amazon Prime,
and Netflix) and two mobility patterns (Static and Vehicular). The logs, limited by an
80 GB data plan, are stored in a CSV file with fixed features and variable data points.
The data set provides detailed attributes such as timestamp, geographical coordinates,

200 4 —— squared loss: 3* (y — y)?
- —— absolute loss: [y —y|
—— Huber loss: 6=10
150 - —— Huber loss: 6=5
—— Huber loss: 6=3
125 —— Huber loss: 6=1
ﬁ 100
75 4
50 A
25 4
0 .
' ' ‘ . : . T T T
—20 -15 -10 -5 0 5 10 1520
residual

Fig.5 The Huber loss for various values of 4, moving between MSE and MAE
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node velocity, mobile operator (anonymized), cell ID, network mode, bitrates, device
state, and various signal quality indicators for primary and neighboring cells [31].

We tackle missing data challenges by leveraging NaN (Not a Number) for place-
holder values, a standard practice in Python’s numerical domain. Through prepro-
cessing techniques such as MinMaxScaler, we achieve uniformity and improve the
performance of the model. Recognizing the importance of time order, we employ a
sliding window approach (w = 32, shifted T times) to preserve the temporal context
within our analysis. Figure 6 [2] shows this procedure in detail. In the Informer
model, we use a “secondly” frequency (denoted by s) for time feature encoding to
capture fine-grained temporal patterns, enabling the model to better detect high-fre-
quency variations and subtle changes crucial for accurate prediction.

4.2 Training Procedure

To take advantage of the inherent time dependence of our data, we strategically par-
tition them by timestamps, reflecting real-world dynamics, where past information
heavily influences future predictions. Each CSV data set is meticulously divided,
dedicating 80% to training and reserving 20% for rigorous testing.

In our previous work [29], we predicted CQI based solely on historical CQI val-
ues using an LSTM model with different loss functions. However, CQI is influenced
by multiple factors, including signal strength and network conditions. To improve
prediction accuracy and capture a more complete representation of the wireless envi-
ronment, we expanded our feature set to include SNR, RSRP, and RSRQ in addition
to CQI. These additional features provide valuable information about signal quality
and network reliability, allowing the model to make more informed and robust pre-
dictions. CQI serves as a high-level indicator of channel quality, while SNR captures
the signal’s strength relative to noise, providing critical insight into reliability. RSRP
contributes information about signal power, allowing the model to assess channel
strength, and RSRQ offers additional context by considering interference and over-
all signal quality. This multidimensional approach enhances predictive accuracy and
increases the model’s robustness against noise and incomplete data, making it well-
suited for dynamic and challenging environments.

However, incorporating multiple features also presents certain challenges. The
preprocessing requirements are more complex, as each feature must be normalized

<:Vindows size==> w=:3>

’XOI Xl ‘ ------- ’ X31 |X32’ Xt ‘ """""" IXT-II
‘Xo‘ X ‘ """ ‘ Xa1 |y&_|
‘Xx-w I Xierw I """"" Ixt»l | Yi |
’XT-I-W IXT-WI .............. |XT-1-1 ‘y‘m |

Fig. 6 Sliding windows for time series forecasting
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and aligned in time, increasing the risk of introducing errors during data preparation.
Additionally, a larger input space can lead to higher model complexity, requiring
careful regularization to prevent overfitting, especially when the dataset is small.
Computational costs also increase, in terms of both training and inference time, as the
model must process more inputs.

To assess the impact of RAHL on prediction accuracy, we incorporated these fea-
tures into the model to examine how RAHL adapts to varying error distributions. The
findings indicated that RAHL contributed to improved model performance, demon-
strating its robustness and improving the precision of CQI prediction under different
test conditions.

4.3 Implementation Details

We implemented the entire project in Python 3.10, using PyTorch 2.1 as the primary
deep learning framework. The experiments were initially prototyped using Google
Colab Pro, and the final training was performed on the SDumont supercomputer at
the Laboratorio Nacional de Computacdo Cientifica (LNCC/MCTI), Brazil [32],
which offers access to high performance GPU clusters.

In addition, we defined the network architecture and the training hyperparameters
for the models, which are summarized in Tables 2, 3, 4.

All source code, datasets, data preprocessing scripts, training configurations are
publicly available in our GitHub repository.>

This ensures complete reproducibility and allows future extensions of our work.

4.4 Performance Metrics

To facilitate an equitable evaluation of model performance across various loss func-
tions, we employ the Mean Absolute Percentage Error (MAPE). In our methodology,
models are trained using different loss functions, with MAPE serving as the main

Table 2 Network architecture and training hyperparameters for the LSTM model

(a) Network architecture

Input size 4
Hidden size 64
Number of stacked layers 1
Number of FC layers 1

FC hidden size 64
Activation function ReLU
Output size 1

(b) Training hyperparameters

Number of epochs 300
Mini-batch size 24
Window size 36
Initial learning rate 0.001
Optimizer Adam

2 https://github.com/dcomp-leris/RAHL_CQI_Prediction.git.

@ Springer


https://github.com/dcomp-leris/RAHL_CQI_Prediction.git

28 Page 14 of 23 Journal of Network and Systems Management (2026) 34:28

Table 3 Network architecture and training hyperparameters for the CNN1D model
(a) Network architecture

Input size 4
Hidden size (conv layers) 256
Number of convolutional layers 3
Number of pooling layers 2
Number of FC layers 1

FC hidden size None
Activation function for FC layers ReLU
Dropout probability 0.2
Output size 1

(b) Training hyperparameters

Number of epochs 300
Mini-batch size 24
Window size 36
Initial learning rate 0.001
Optimizer Adam

Table 4 Network architecture and training hyperparameters for the Informer model

(a) Network architecture

Input size 4
Encoder size 512
Decoder size 512
Number of encoder layers 3
Number of decoder layers 3
Attention heads 8
Hidden size in feedforward 2048
Activation function ReLU
Output size 1

(b) Training hyperparameters

Number of epochs 100
Mini-batch size 24
Initial learning rate 0.001
Optimizer Adam

metric for both validation and testing. Commonly applied in statistical analysis and
time series forecasting, MAPE quantifies error as a percentage, as illustrated in Eq. 5,
where smaller values correspond to improved accuracy [33].
1L~ Y- Y
MAPE = = | = ——*| x 100% (5)

n Y;
i=1 '

4.5 Experimental Results

Initially, as shown in Table 5(a), (b) and (c), we trained models using the Huber loss
function, where we manually selected the hyperparameter . To determine the best
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Table 5 MAPE values for CNN 1D, LSTM, and Informer across different loss functions compared with
RAHL

Dataset 6=1 6=150=2 6 =25 =3 RAHL Huber (best§) MAE MSE
(a) MAPE values for CNN 1D across different loss functions compared with RAHL

Download driving 17.90 21.89 2543 26.64 2346 16.14 17.90 16.90 21.19
Amazon prime driving 29.03 27.35 24.99 3840 30.56 22.59 24.99 28.46 28.70
Netflix driving 30.63 28.11 30.47 3047 28.17 21.66 28.11 25.14 30.47
Download static 2243 21.70 23.11 23.11 22.87 17.46 21.70 17.69 21.38
Amazon prime static ~ 27.67 37.31 27.41 32.05 26.22 15.03 26.22 24.05 34.52
Netflix static 11.91 10.60 10.76 9.10 1021 7.40 9.10 7.58 9.83
(b) MAPE values for LSTM across different loss functions compared with RAHL

Download driving 18.09 17.80 17.54 18.10 18.10 11.11 17.54 12.21 18.09
Amazon prime driving 26.73 20.85 21.08 21.80 21.08 20.68 20.85 20.80 25.61
Netflix driving 2435 2598 26.02 26.02 26.02 2297 24.35 20.94 25.09
Download static 18.13 18.16 18.16 18.16 18.16 14.48 18.13 1492 18.14
Amazon prime static ~ 13.52 24.25 21.54 21.54 21.54 533 13.52 8.82 18.08
Netflix static 11.88 9.18 854 854 854 5.25 8.54 551  9.16
(c) MAPE values for Informer across different loss functions compared with RAHL

Download driving 30.33 13.00 20.75 31.36 27.35 9.82 13.00 16.45 32.81
Amazon prime driving 12.85 24.81 2643 20.26 20.22 1245 12.85 20.06 17.03
Netflix driving 32.28 3497 2998 39.29 36.11 21.97 29.98 33.43 33.56
Download static 9.19 1142 11.87 7.53 1071 4.77 7.53 6.46 9.03
Amazon prime static ~ 30.36 29.71 30.42 26.50 29.70 3.20 26.50 11.03 25.15
Netflix static 3.65 322 332 331 327 322 3.22 245 3.63

value for §, we experimented with different values ranging from 1 to 3, increasing
by 0.5 at each step. After extensive calculations, we recorded the minimum error
achieved for each tested . In Table 5, the results corresponding to the RAHL loss
function are highlighted in bold. However, further analysis showed that the perfor-
mance of the Huber loss is highly sensitive to the choice of d, meaning that small
changes in 4 can significantly impact the results. Furthermore, it is important to note
that the lowest recorded error does not necessarily indicate the optimal choice of .

The models were then trained using RAHL and other loss functions, with results
compared to Huber loss based on the best values § from the previous experiment.
Unlike Huber loss, RAHL treats § as a trainable parameter, eliminating the need for
manual selection. For a complete evaluation, we also included the results for MSE
and MAE. Consistently in all datasets, the RAHL loss function produced MAPE
values between those of MAE and MSE, and in more than 90% of cases, RAHL
MAPE resulted in a value lower than MAE, demonstrating its stable performance
compared to other loss functions. However, in about 10% of cases, RAHL yielded
higher MAPE than MAE. The reason may be because the dataset can contain very
small residuals and few or no outliers, where the simplicity of MAE, which directs
minimizing absolute errors without relying on an adaptive parameter like § can some-
times lead to better performance. Thus, while RAHL is generally more stable, its
adaptability may provide less benefit in clean, low-noise settings.

To highlight the benefits of performing CQI prediction using a model trained with
RAHL, we compare the ground truth value and the model’s prediction for some sam-
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ples from our datasets. Since our data set includes six distinct categories, we have
selected these comparison charts from different categories for various models.

For this analysis, we selected samples from three distinct categories: Netflix
Static, Download Static and Netflix Driving, which were trained sequentially using
the CNN1D, LSTM and Informer models. Figures 7, 8 and 9 compare the actual
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(d) Mean Absolute Error (MAE) - MAPE=7.58

Fig.7 Comparison of the ground truth value and the CNN1D model’s prediction for a sample from the
Netflix Static category
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Fig. 8 Comparison of the ground truth value and the LSTM model’s prediction for a sample from the
Download Static category

CQI values (green line) with the predictions (red line) for each of the chosen samples,
made by different models trained with various loss functions.

As the sub-sections of each figure reveal, the MAPE value for RAHL is the low-
est in three samples. Furthermore, predictions for models trained with RAHL con-
sistently follow the actual CQI values more closely, regardless of sample size (time
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Fig. 9 Comparison of the ground truth value and the Informer model’s prediction for a sample from
the Netflix Driving category

duration). This indicates the robustness of RAHL against outliers and the overall
superiority in achieving accurate results for CQI forecasting.

It is essential to understand that the CQI serves as a key metric for assessing the
quality of the radio link between a User Equipment (UE) and the base station. The
CQI allows the base station to dynamically adjust the modulation scheme for each
UE, ensuring an optimized data rate. Consequently, inaccurate CQI predictions can
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lead to improper modulation configurations and inefficient resource allocation within
the 5G network, ultimately impacting overall network performance.

As you can see in Figs. 7, 8 and 9, we have added arrows to highlight the differ-
ences in prediction behavior when using different loss functions. These visual mark-
ers emphasize how RAHL outperforms other loss functions by providing smoother
and more stable predictions, especially across data sets of varying sizes and condi-
tions. The curves clearly demonstrate that RAHL reduces fluctuations and enhances
reliability, making it a superior choice for accurate forecasting.

For example, analyzing the predictions made by the CNN1D model trained with
MSE in Fig. 7, we can observe that, starting from time 80, the prediction fluctu-
ates incorrectly, suggesting a possible network issue. However, the actual CQI val-
ues indicate that the network connection remains stable most of the time. Similarly,
in Fig. 8, the predictions made by the LSTM model between times 300 and 400,
using either Huber loss or MSE, show significant differences from the actual val-
ues, increasing and decreasing. Furthermore, in Fig. 9, around times 37 and 56, we
observe non-uniformity between the predicted values and the ground truth, similar to
the previous cases.

Figure 10 presents another view on the results showing the accumulation of abso-
lute percentage error over time. This method allows us to examine the error trends of
models trained using different loss functions. As expected, the cumulative error for
the RAHL loss function increases at a slower rate compared to others, highlighting
its improved performance in predicting CQIL.

5 Conclusion

CQI is a crucial metric for evaluating the quality of a SG channel. The base station
relies on CQI for key decisions, including resource allocation, modulation, and cod-
ing. Since channel quality has a direct impact on data rates and network capacity
utilization, it ultimately influences the user’s Quality of Experience (QoE). When
applying machine learning models for the prediction of CQI, achieving a lower
MAPE leads to a better user experience.

In this paper, we introduce the RAHL method as an innovative approach to reduc-
ing error rates. Our experiments, illustrated in Figs. 7, 8, and 9, highlight the superior
performance of RAHL in the prediction of CQI compared to traditional methods such
as Huber loss, MSE, and MAE. These findings have significant practical implica-
tions, as accurate CQI predictions are essential in real-world applications.

A key advantage of RAHL is that it eliminates the need for manual hyperparam-
eter tuning, addressing challenges such as subjectivity, data dependency, computa-
tional costs, overfitting risks, and the trade-off between accuracy and robustness.
Although our study provides valuable information, we recognize its limitations.
Future research could investigate the effectiveness of RAHL in different datasets and
neural network architectures.

Furthermore, given the evolving nature of loss functions, our work paves the way
for exploring adaptive methods that can enhance performance across various tasks.
The contributions of RAHL not only improve prediction accuracy, but also simplify
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Fig. 10 Absolute percentage error accumulated over time for different losses and models

@ Springer



Journal of Network and Systems Management... Page 21 0f23 28

hyperparameter selection, making it a useful addition to the machine learning field. In
general, RAHL presents a flexible and effective approach to minimizing error rates,
offering practical recommendations to researchers and practitioners.
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