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Abstract

To ensure the Quality of Service (QoS) of heterogeneous and latency sensitive applications, the
dynamic resource allocation is introduced in the 5th generation (5G) networks. This study proposes
a Mixture of Experts (MoE) framework with CatBoost (MoE-CB). This is designed to support adap-
tive and intelligent resource orchestration, making it a suitable candidate for the RAN Intelligent
Controller (RIC). The model uses a gating mechanism in conjunction with hybrid CNN-LSTM and
CNN-BiGRU expert networks to capture temporal and spatial dependencies in network parameters
like latency, bandwidth requirements, and signal strength. A CatBoost regressor is used to model
residual nonlinear patterns and further refine the experts’ predictions, with a mean squared error
(MSE) of 0.000405, root mean squared error (RMSE) of 0.020125, and coefficient of determination
(R2) of 0.9502 on a public 5G resource allocation dataset.

Keywords: MoE, AI, Resource optimization, 5G

1 Introduction

The quick development of 5G wireless net-
works has brought with it previously unheard
of demands for high data rates, low latency,
and extensive device connectivity. The dynamic
changes in network conditions brought about by
the user mobility, traffic bursts, and heteroge-
neous service requirements make efficient radio
resource allocation a crucial challenge [1]. Tra-
ditional rule based or static allocation methods
cannot adapt well for complex and dynamic envi-
ronments. This often spurs the use of learning
based and data driven optimization techniques.
More intelligent and proactive resource manage-
ment strategies are made possible by the strong
potential of ML models to predict traffic patterns
and network states [2].

To deploy an intelligent control application
with analytical and ML features for adaptive
scheduling and policy enforcement, the O-RAN
Alliance has introduced the RIC. By advanced
management of the network resources, these con-
trol systems can predict network demand and help
maintain good QoS [3].

In this contest, developing prediction frame-
works becomes essential for enabling network
behavior. For these reasons, this work explores a
hybrid MoE based learning framework to model
temporal variations for dynamic allocation [4, 5].
By improving prediction reliability and adaptabil-
ity, the proposed approach aims to assist pro-
grammable entities such as the RIC in maintaining
QoS across diverse service scenarios [6].
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2 Literature Review

The evaluation of resource allocation techniques
in 5G networks a big transition from classical
optimization to an intelligent learning framework.
A major milestone in the intelligent allocation
was presented by Z. Liu et al.(2019). In their
paper authors formulated a dynamic resource allo-
cation in ultra dense5G networks as a Markov
Decision Process (MDP). To address the prob-
lem, the authors proposed a Dueling Deep Q-
Network (Dueling DQN), which optimized energy
efficiency (EE) and spectral efficiency (SE). This
work demonstrated performance improvements
over conventional Q-learning and standard DQN.
This shows that deep reinforcement learning
(DRL) can be a viable solution for dynamic 5G
environments [7].

Khan et al. (2019) proposed a hybrid
fuzzy logic with genetic algorithm (H-FLGA)
for dynamic resource allocation for 5G driven
VANETs. They formulated the problem as an
optimization task considering QoS metrics such as
delay and service requirements. A fuzzy inference
system was employed to adaptively tune objec-
tive weights, while a genetic algorithm performed
the optimization. Although the authors’ proposed
approach achieved low delay and improved cost
performance compared to the conventional GA
methods but, it relies on heuristic and iterative
search that may create overhead and limit real
time scalability [8].

Rico and Merino (2020) presented a compar-
ative study on end to end solutions for reliable
low latency communication in 5G networks. The
study classifies existing techniques to achieve
low latency (1 ms) and high reliability (10-9
error rate). This is essential for applications such
as autonomous driving, industrial automation,
robotics, and tactile internet services. The survey
organizes the literature into three main categories:
enhanced end-to-end communication protocols,
network-level enabling technologies, and applica-
tion programming interfaces (APIs) that optimize
protocol utilization [9].

Xu, Gui, Gacanin, and Adachi(2021) presented
a comprehensive survey on resource allocation
in 5G heterogeneous networks (HetNets). The
authors focused on the challenges introduced by
multi tier cellular architectures and spectrum
sharing constraints. The study classifies existing

resource allocation approaches in various Het-
Net scenarios like OFDMA-based, NOMA-based,
relay-assisted and multi-antenna systems. Also
evaluates them in terms of allocation criteria,
optimization techniques and architectural design.
The survey highlights the importance of efficient
allocation strategies to mitigate inter-cell inter-
ference and improve spectrum reuse in dense
deployments. Furthermore, the authors identify
new research directions and suggest that future
wireless networks may use to manage resources
more intelligently [10].

Selvamanju and Shalini(2022) proposed a
mobile traffic prediction based Archimedes Opti-
mization Algorithm with Deep Belief Network
(AOA-DBN) for 5G cellular networks. Their
approach integrates a Deep Belief Network (DBN)
for time-series traffic forecasting. Where the
Archimedes Optimization Algorithm (AOA) is
employed to tune the DBN hyperparameters
optimally. The framework follows a three-stage
process including pre-processing, prediction, and
hyperparameter optimization. Simulation results
demonstrated improved prediction accuracy with
a minimum average MAPE of 0.034 and reduced
computational time. However, the model primar-
ily focuses on traffic forecasting rather than direct
real-time resource allocation decisions [11].

Goswami et al.(2022) proposed a neural-
network-based optimal resource allocation method
for secure Industrial IoT (IIoT) networks. Their
work jointly addresses resource allocation and
data security. A convolutional neural network
(CNN) is employed to extract optimal channel
state information for different applications which
enable efficiant and secure utilization of resources.
The proposed approach improves flexibility com-
pared to traditional fixed resource allocation
schemes and the authors demonstrates the perfor-
mance of the model through analytical validation
and simulations [12].

Gao et al.(2023) proposed a GCN-LSTM-
based resource allocation method for 5G net-
works operating in densely distributed scenarios.
Their approach uses Graph Convolutional Net-
works (GCN) to learn how different network areas
are connected to each other. It also uses Long
Short-Term Memory (LSTM) networks to extract
temporal traffic patterns from historical 5G data.
By combining spatial and temporal features, the
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model achieves high accuracy in traffic predic-
tion. However, the framework primarily focuses
on traffic prediction driven allocation rather than
adaptive decision modeling [13].

Yarkina et al.(2024) studied machine learning
enhancements for 5G RAN network slicing within
an ITU-T compliant framework. They proposed
a priority-based resource arbitration mechanism
and evaluated several supervised ML techniques
to accelerate slice resource allocation while ensur-
ing performance isolation and fairness. Simula-
tion results showed that ML models significantly
reduced execution time compared to exact opti-
mization methods, with polynomial regression
achieving the best trade-off between accuracy and
complexity [14].

Pathak et al.(2024) explored resource alloca-
tion optimization in 5G networks using a Varia-
tional Quantum Regressor (VQR) within a Quan-
tum Machine Learning (QML) framework. Their
study demonstrates that the VQR model can
achieve highly accurate predictive performance,
significantly reducing mean squared error, where
MSE is approximately 0.008. The results high-
light the potential of quantum-assisted learning
models to enhance prediction accuracy in 5G
networks [15].

Sachin Singh(2025) evaluated the performance
of multiple machine learning regression models
for 5G network resource allocation optimization.
Using a 5G resource allocation dataset with eight
attributes, the study compared K-Nearest Neigh-
bors (KNN), Random Forest Regressor (RFR),
Gradient Boosting Regressor (GBR), and Extra
Trees Regressor (ETR) based on metrics such
as R-squared, MSE, and RMSE. Experimental
results showed that KNN achieved the highest pre-
diction accuracy (R² = 0.9378) with low error
values. However, the study primarily focuses on
performance comparison of standalone models
without addressing adaptive, multi-expert opti-
mization mechanisms [16].

Karuppiyan et al.(2025) proposed the
DRARLCNN model, a hybrid Reinforcement
Learning–Convolutional Neural Network frame-
work for dynamic resource allocation in 5G
networks. The model integrates CNN-based fea-
ture extraction with RL-driven decision-making
to optimize latency and Quality of Service (QoS)
in dynamic environments. Experimental results
demonstrated improved allocation efficiency with

performance metrics of R² = 0.517, MSE = 0.035,
and RMSE = 0.188. The primary contribution of
authors is combining deep feature learning with
adaptive decision mechanisms, offering improved
responsiveness compared to traditional models.
[17].

Another authors, Gaurav et al.(2025) proposed
a resource allocation using a K-Nearest Neigh-
bors (KNN) model with the Osprey Optimization
Algorithm (OOA). The model predicts bandwidth
and computational resource distribution and the
performance was compared to traditional ML
approaches such as Linear Regression, Random
Forest, and XGBoost. Experimental results shows
the predictive accuracy with an MSE of 0.008,
MAE of 0.02, and R² above 0.9. However [18].

The details of the above-mentioned stud-
ies, including their methodologies, objectives,
strengths, and limitations, are summarized in
Table 1.

3 Research Gap

Although significant advancements have been
made in 5G resource allocation through reinforce-
ment learning, metaheuristic optimization, and
deep learning-based prediction models, several
limitations remain. Many existing deep learn-
ing approaches rely on single-architecture models
or tightly coupled hybrid structures that learn
a unified representation for all traffic patterns.
Such monolithic learning may struggle to gen-
eralize effectively across heterogeneous temporal
behaviors such as stable, bursty, and highly fluc-
tuating network conditions. Furthermore, some
works combine spatial and temporal modelling
in 5G networks. However, for dynamic resource
allocation conditional expert and adaptive gating
mechanisms are sill not exployed significantly.

In addition, limited studies investigate the
integration of deep sequential feature learning
with tree-based gradient boosting refinement to
enhance residual nonlinear modeling and robust-
ness against outliers. Therefore, there exists a
need for a structured multi-expert framework
capable of adaptive specialization, improved gen-
eralization across diverse temporal regimes, and
enhanced nonlinear refinement for reliable 5G
resource allocation prediction. In the Figure 1 the
research gap has been demonstrated clearly.
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Table 1 Literature Survey on Existing 5G Resource Allocation Approaches

Author Year Learning
Type

Core Model Main Objective Key Strength Identified Limitation

Liu et al. [7] 2019 DRL Dueling DQN
(MDP formula-
tion)

Joint optimization of
energy and spectral
efficiency

Demonstrates superior
dynamic allocation vs
Q-learning and DQN

Large state space and high
training complexity

Khan et al. [8] 2019 Metaheuristic
+ Fuzzy

H-FLGA Multi-objective QoS-
aware allocation in 5G
VANETs

Adaptive objective
weighting; reduced
delay and cost

Iterative evolutionary search
limits real-time scalability

Rico & Merino [9] 2020 Survey End-to-end
latency frame-
works

Reliability and ultra-
low latency analysis

Structured taxonomy
of latency solutions

No predictive or intelligent
allocation mechanism

Xu et al. [10] 2021 Survey HetNet RA
classification
models

Interference mitiga-
tion and spectrum
reuse

Comprehensive classi-
fication of RA strate-
gies

Conceptual frameworks with-
out implementation

Selvamanju &
Shalini [11]

2022 Deep Learning AOA-DBN Mobile traffic predic-
tion for QoS-aware
allocation

High forecasting accu-
racy (MAPE 0.034)
with optimized param-
eters

Focuses on prediction rather
than direct allocation

Goswami et al. [12] 2022 Deep Learning CNN-based
secure alloca-
tion

Joint resource alloca-
tion and IIoT security
optimization

Channel-aware flexible
allocation improves
efficiency

Limited temporal modeling
capability

Gao et al. [13] 2023 Spatiotemporal
DL

GCN-LSTM Traffic-driven allo-
cation in dense 5G
scenarios

Captures spatial and
temporal correlations

Relies mainly on prediction
rather than adaptive decision
learning

Yarkina et al. [14] 2024 Supervised ML Polynomial
regression +
ML arbitration

Fast network slicing
resource arbitration

Reduced execution
time with fairness
guarantees

Weak sequential and deep
modeling capability

Pathak et al. [15] 2024 Quantum ML Variational
Quantum
Regressor

Precision allocation
prediction

Very low prediction
error (MSE ≈ 0.008)

Hardware limitations and
experimental maturity

Sachin Singh [16] 2025 ML Regression KNN, RFR,
GBR, ETR

Dataset-based alloca-
tion prediction

High standalone pre-
diction accuracy (R2

= 0.9378)

No adaptive or multi-model
decision framework

Karuppiyan et al. [17] 2025 Hybrid RL–DL DRARLCNN Latency and QoS opti-
mization

Combines deep fea-
tures with RL-based
decisions

Moderate prediction accuracy
and single architecture

Gaurav et al. [18] 2025 Metaheuristic
+ ML

OOA-
optimized
KNN

Bandwidth and com-
putation allocation
prediction

High accuracy (R2
>

0.9) with optimization
tuning

Depends on single-model pre-
diction strategy
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Fig. 1 Research Gap

Fig. 2 Histogram before and after preprocessing

To address the limitations of existing resource
allocation approaches, this work presents a gated
multi-expert model that captures heterogeneous
traffic regimes while improving generalization,
robustness, and prediction reliability in 5G sys-
tems.

4 Dataset Description and

Preprocessing

This study uses a renowned public dataset [19]
comprising 8 features, reflecting various scenar-
ios of resource allocation in the 5G network.
The dataset includes key parameters such as sig-
nal strength, required and allocated bandwidth,
application types, resource allocation percentages
etc. Resource allocation percentage, the target
value shows how resources are distributed among
different users and applications.

To get the dataset ready for ML based resource
allocation prediction, thorough preparation was
necessary. The following preprocessing techniques
are obtained in this study.

Fig. 3 Boxplot before and after preprocessing

Fig. 4 Correlation heatmap before and after preprocess-
ing

4.1 Conversion of Target Variable

Initially, the column ”Resource Allocation”, con-
tained percentage signs (such as ”70%”). Regres-
sion analysis was made possible by removing
them and converting the values to floating point
numbers.

4.2 Unit Cleanup and Numeric

Conversion

A few of the dataset’s characteristics included
values with units attached. For example, ”Sig-
nal Strength” entries had ”dBm,” ”Latency” val-
ues were tagged with ”ms,” and bandwidth
columns like ”Required Bandwidth” and ”Allo-
cated Bandwidth” had mixed units like ”Mbps”
and ”Kbps.” All bandwidth measurements were
normalised to Mbps after these units were
methodically eliminated, producing a collection
of clear, consistent numerical characteristics that
were ideal for application in ML techniques.

4.3 Temporal Feature Engineering

Time of day effects on network performance were
captured by converting the ”Timestamp” column
to date time format and extracting the hour
component as an extra feature.
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4.4 Categorical Encoding

The model was able to comprehend the dif-
ferent network service kinds without imposing
an arbitrary order by converting the categorical
”Application Type” into one hot encoded binary
columns.

4.5 Feature Selection and Cleanup

Irrelevant identifiers such as ”Timestamp” and
”User ID” were dropped to prevent leakage and
noise in the learning process. Transformation for
Sequence Modeling

4.6 Transformation for Sequence

Modeling

Sliding windows of time steps (TIME STEPS)
were constructed from the feature set in order to
capture temporal relationships in the data. The
goal value corresponds to the final step in each
window’s sequence of input characteristics. Recur-
rent and attention-based neural networks can
learn from past context and dynamically forecast
resource allocation.

4.7 Dataset Visual Analysis

Figure. 2 displays the Resource Allocation vari-
able’s distribution as category string values (e.g.,
”70%”, ”80%”) before cleaning. Without exposing
underlying patterns or numerical correlations, this
format groups values. Figure. 3 provides a visu-
alization of the distribution and central tendency
for resource allocation. It is clearly visible that
after conversion to a numeric format, it reveals
a clear spread, median, quartiles and potential
outliers within resource allocation. This transfor-
mation enables rigorous statistical analysis and
supports ML applications by providing an accu-
rate, interpretable summary of data variability
and central tendency. Figure. 4 presents correla-
tion heatmaps of the dataset before preprocessing
and after preprocessing. The heatmap produced
before preprocessing is limited to original numeric
features and shows only basic relationships in the
raw data. After preprocessing including cleaning,
feature engineering and encoding the heatmap
incorporates all numeric and transformed cate-
gorical variables, revealing more detailed network

Fig. 5 Proposed model architecture

of associations. This demonstrates how prepro-
cessing has been performed to enhance feature
interoperability and analytical capability.

5 Proposed Models

In this section, the proposed model has been dis-
cussed. This hybrid model is explicitly designed
to address the challenges posed by dynamic 5G
resource allocation. The model extracts temporal
and spatial information from important network
parameters, including Signal Strength, Latency,
and Bandwidth Requirements, by utilizing various
neural network experts (CNN-LSTM and CNN-
BiGRU). To improve prediction accuracy, a gating
network is used to integrate the forecasts of these
experts, and the resulting deep features are then
stacked using an CatBoost regressor. Figure 5
presents the model overview.

5.1 Input Representation

Assume that X = {x1, x2, . . . , xT } represents an
input sequence inside a T-length sliding window.
By converting unstructured sequential data into
organized temporal segments, the time series win-
dowing process allows the model to capture both
short-term and long-term fluctuations.
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Algorithm 1 MoE-CB Based Dynamic Resource
Allocation
Require: Dataset D, window size T

Ensure: Final predicted allocation Ŷ

1: Load dataset D
2: Clean, normalize, and encode features
3: Convert target values to numeric form

Temporal Sequence Construction
4: Initialize sequence set S ← ∅
5: for i = 1 to N − T + 1 do
6: Xi ← D[i : i+ T − 1]
7: yi ← target at last timestep
8: S ← S ∪ (Xi, yi)
9: end for

10: Extract last-step feature vector
11: Xlast ← xT for each sequence
12: Split S into training and testing sets
13: Standardize feature values

Mixture-of-Experts Learning
14: for each expert Ei ∈ {A,B,C,D} do
15: Fi ← CNN feature extraction
16: Ti ← temporal modeling (LSTM/BiGRU)
17: Ci ← attention aggregation
18: ŷi ← dense prediction
19: Store deep representation fi
20: end for

Gating Network
21: P ← global pooling of sequence input
22: G← Concatenate(P,Xlast)
23: w ← Softmax(MLP(G))

Mixture Prediction
24: YMoE ← 0
25: for i = 1 to 4 do
26: YMoE ← YMoE + wi · ŷi
27: end for

Feature Stacking for CatBoost
28: Fstack ← Concatenate(Xlast, YMoE)

Final Prediction
29: Train CatBoost using stacked training fea-

tures Fstack

30: Ŷ ← CatBoost(Fstack)
31: return Ŷ

5.2 Mixture-of-Experts Layer

The learning task is divided among four indepen-
dent experts according to the MoE framework [20].
Every expert generates a unique forecast based on
the same information X.

X = {x1, x2, . . . , xT } (1)

yi = fi(X), i ∈ {A,B,C,D} (2)

where fi stands for a single expert network. By
permitting conditional computing, the MoE aims
to prevent overfitting, enhance specialization, and
lessen model bias. MoE only engages the most per-
tinent experts for a particular pattern, in contrast
to monolithic deep models.

5.3 Expert Networks

Hybrid CNN-LSTM & CNN-BiGRU with Atten-
tion networks are used in the construction of each
expert. While LSTM and BiGRU layers model
sequential dependencies and temporal dynamics,
CNN layers extract local spatial dependencies and
feature representations.

5.4 Gating Network and Weighted

Prediction

A gating MLP computes adaptive importance
weights WA,WB ,WC ,WD such that,

wA + wB + wC + wD = 1, wi ≥ 0 (3)

And the final MoE aggregated output is expressed
as:

YMoE = wAyA + wByB + wCyC + wDyD (4)

5.5 CatBoost Stacking Layer

To improve prediction accuracy, the aggregated
MoE output is combined with the last step input
features to form the stacked feature representa-
tion:

Fstack = Concatenate(Xlast, YMoE) where, Xlast = xT

(5)
The final resource allocation prediction is obtained
using a CatBoost regressor:

Yfinal = CatBoost(Fstack) (6)

Algorithm 1 describes the proposed model
workflow in details and the details of the model
layers are shown in Table 2.
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Table 2 MoE Model Layer Details

Layer (type) Output Shape Param # Connected to
seq input (InputLayer) (None, 5, 15) 0 -
conv1d 104 (Conv1D) (None, 5, 64) 2,944 seq input[0][0]
conv1d 106 (Conv1D) (None, 5, 64) 2,944 seq input[0][0]
conv1d 108 (Conv1D) (None, 5, 32) 1,472 seq input[0][0]
conv1d 110 (Conv1D) (None, 5, 32) 1,472 seq input[0][0]
batch normalization (BatchNormalization) (None, 5, 64) 256 conv1d 104[0][0]
batch normalization 1 (BatchNormalization) (None, 5, 64) 256 conv1d 106[0][0]
batch normalization 2 (BatchNormalization) (None, 5, 32) 128 conv1d 108[0][0]
batch normalization 3 (BatchNormalization) (None, 5, 32) 128 conv1d 110[0][0]
conv1d 105 (Conv1D) (None, 5, 64) 12,352 batch normalization[0][0]
conv1d 107 (Conv1D) (None, 5, 64) 12,352 batch normalization 1[0][0]
conv1d 109 (Conv1D) (None, 5, 32) 3,104 batch normalization 2[0][0]
conv1d 111 (Conv1D) (None, 5, 32) 3,104 batch normalization 3[0][0]
lstm 57 (LSTM) (None, 5, 128) 98,816 conv1d 105[0][0]
lstm 58 (LSTM) (None, 5, 128) 98,816 conv1d 107[0][0]
lstm 59 (LSTM) (None, 5, 96) 49,536 conv1d 109[0][0]
lstm 60 (LSTM) (None, 5, 96) 49,536 conv1d 111[0][0]
dropout 56 (Dropout) (None, 5, 128) 0 lstm 57[0][0]
dropout 57 (Dropout) (None, 5, 128) 0 lstm 58[0][0]
dropout 58 (Dropout) (None, 5, 96) 0 lstm 59[0][0]
dropout 59 (Dropout) (None, 5, 96) 0 lstm 60[0][0]
global average pooling (GlobalAveragePooling1D) (None, 15) 0 seq input[0][0]
last input (InputLayer) (None, 15) 0 -
attention layer 56 (AttentionLayer) (None, 128) 8,256 dropout 56[0][0]
attention layer 57 (AttentionLayer) (None, 128) 8,256 dropout 57[0][0]
attention layer 58 (AttentionLayer) (None, 96) 6,208 dropout 58[0][0]
attention layer 59 (AttentionLayer) (None, 96) 6,208 dropout 59[0][0]
concatenate 30 (Concatenate) (None, 30) 0 global average pooling[0][0], last input[0][0]
dense 90 (Dense) (None, 64) 8,256 attention layer 56[0][0]
dense 91 (Dense) (None, 64) 8,256 attention layer 57[0][0]
dense 92 (Dense) (None, 64) 6,208 attention layer 58[0][0]
dense 93 (Dense) (None, 64) 6,208 attention layer 59[0][0]
dense 94 (Dense) (None, 128) 3,968 concatenate 30[0][0]
featA (Dense) (None, 32) 2,080 dense 90[0][0]
featB (Dense) (None, 32) 2,080 dense 91[0][0]
featC (Dense) (None, 32) 2,080 dense 92[0][0]
featD (Dense) (None, 32) 2,080 dense 93[0][0]
dropout 60 (Dropout) (None, 128) 0 dense 94[0][0]
predA (Dense) (None, 1) 33 featA[0][0]
predB (Dense) (None, 1) 33 featB[0][0]
predC (Dense) (None, 1) 33 featC[0][0]
predD (Dense) (None, 1) 33 featD[0][0]
dense 95 (Dense) (None, 64) 8,256 dropout 60[0][0]
concatenate 31 (Concatenate) (None, 4) 0 predA[0][0], predB[0][0], predC[0][0], predD[0][0]
gate (Dense) (None, 4) 260 dense 95[0][0]
multiply 15 (Multiply) (None, 4) 0 concatenate 31[0][0], gate[0][0]
Y MoE (Lambda) (None, 1) 0 multiply 15[0][0]
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6 Justification of the Proposed

Model

The suggested hybrid MoE architecture is
intended to tackle the main issues that arise
in intricate real world, time series forecasting
problems, including noise, nonlinear patterns,
abrupt fluctuations, and diverse dataset behavior.
Because traditional single deep models (LSTM,
GRU, or CNN alone) learn a single representa-
tion for all data patterns, they frequently fail to
generalize across various temporal dynamics. In
cases when the relationships change over time, the
model performance could be decreased.

To overcome these limitations, we introduce
a MoE model where four specialized expert net-
works learn complementary temporal structures.
Rather than forcing a single model to learn all
possible variations, MoE enables conditional selec-
tive computation, improving accuracy and adapt-
ability. Each expert integrates CNN for feature
extraction and either LSTM or BiGRU for tem-
poral dependency modeling, allowing the network
to simultaneously learn both global long term and
local short term dependencies. The use of atten-
tion mechanisms further enhances interpretability
and precision by prioritizing the most relevant
time steps and reducing noise effects.

The gating MLP plays a crucial role by assign-
ing adaptive weights to each expert based on the
input characteristics. Instead of averaging predic-
tions blindly, the gating function (Equation 4)
ensures that the most appropriate expert domi-
nates the final response. This is important because
different sequence patterns (stable, fluctuating,
bursty) cannot be handled equally well by a
single recurrent architecture. Therefore, gating
solves the core problem of model specialization
and dynamic adaptation. Although DL models
produce powerful feature representations, they
sometimes struggle to capture residual nonlinear
relationships or poorly represented outlier behav-
iors. For this reason, a CatBoost stacking layer
is employed to refine the MoE output. CatBoost,
with its gradient-boosted decision tree structure,
efficiently captures remaining nonlinear patterns
and strengthens generalization. This combination
fuses deep sequential learning with strong classi-
cal ML optimization, offering a more stable and
high precision final prediction.

7 Experimental Results

In this section, a comprehensive evaluation of
the proposed framework is presented and com-
pared with conventional ML and DL models. The
evaluation is conducted using MSE, RMSE, and
the R2. The baseline ML models include Linear
Regression, Random Forest, Gradient Boosting,
XGBoost, CatBoost and Support Vector Regres-
sion (SVR) with an RBF kernel.

As shown in Table 3, ensemble-based mod-
els generally outperform linear approaches due
to their ability to capture nonlinear relationships
in the data. Among the baseline methods, SVR
(RBF) achieves the highest R2 value of 0.9469, fol-
lowed by Gradient Boosting with an R2 of 0.9401.
CatBoost almost achieves R2 of 0.9366. Linear
Regression exhibits comparatively lower perfor-
mance, indicating its limited capacity to model
complex patterns in dynamic 5G resource allo-
cation scenarios. To evaluate the effectiveness of
deep learning architectures, Artificial Neural Net-
works (ANN) and Deep Neural Networks (DNN)
are also considered. The ANNmodel demonstrates
poor generalization performance with a relatively
high MSE of 0.00310 and a low R2 of 0.6460.
Although the DNN model improves upon ANN,
achieving an MSE of 0.00107 and an R2 of 0.8779,
it still underperforms compared to traditional
ensemble-based machine learning approaches.

The proposed MoE-CB framework achieves
the best overall performance among all evaluated
models. It attains the lowest MSE of 0.000405,
the lowest RMSE of 0.020125, and the highest
R2 value of 0.9502. Its also visible that pro-
posed MoE also performed less than the proposed
model. This represents a clear improvement over
the strongest baseline model (SVR), demonstrat-
ing superior predictive accuracy and enhanced
generalization capability. Also the MoE without
stack demostrate poor performance. Overall, the
experimental results validate the effectiveness of
the proposed MoE-CB framework. By combining
specialized expert learning with ensemble opti-
mization, the model achieves robust prediction
accuracy and establishes a strong benchmark for
intelligent resource allocation in next-generation
5G networks. Figure: 6, 7 &8 demonstrate the
experimental result of different models along with
the proposed model.

9



Fig. 6 Comparison of models under different conditions.

Fig. 7 Comparison of models under different conditions.

Fig. 8 Results of the proposed MoE-CB model.
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Table 4 presents a comparison between the pro-
posed MoE-CB model and recent studies con-
ducted on the same 5G Resource Allocation
dataset. The study by Singh reported strong
results using KNN (R2 = 0.9378, MSE = 0.0034),
while Gaurav et al. further enhanced KNN with
the Osprey Optimization Algorithm, achieving
an MSE of 0.008 and R2 above 0.9. Although
these approaches demonstrate the effectiveness
of distance-based learning methods, the proposed
MoE-CB model achieves lower prediction error
(MSE = 0.000405) and improved goodness of fit
(R2 = 0.9502), indicating enhanced modeling of
nonlinear relationships within the dataset.

In comparison, the hybrid RL-CNN frame-
work reports substantially lower regression per-
formance (R2 = 0.517, MSE = 0.035), suggesting
that highly complex architectures may not gen-
eralize effectively on relatively small structured
datasets. Overall, the results highlight the advan-
tage of ensemble-based expert learning in deliver-
ing accurate, stable, and computationally efficient
predictions for 5G resource allocation tasks.

9 Conclusion

This paper presents a reliable and scalable ML
framework for intelligent resource allocation using
a MoE based CatBoost (MoE-CB) architec-
ture. Unlike the traditional model, the proposed
method uses multiple expert models instead of a
single one. This allows the model to fit in the
dynamic 5G environments efficiently. Extensive
experiments on the 5G resource allocation dataset
show that the proposed MoE-CB model performs
better than existing methods.

Extensive experimentation on the 5G resource
allocation dataset demonstrates that the proposed
MoE-CB model consistently outperforms existing
state of the art methods, including KNN, RL-
CNN, and hybrid optimization-based approaches.
The model achieves a significantly lower MSE and
RMSE, while attaining the highest coefficient of
determination. These results indicate superior pre-
dictive stability, reduced estimation variance, and
improved generalization capability.

The comparative analysis further highlights
that while traditional models may provide accept-
able accuracy, they struggle to maintain consistent

performance under varying network conditions.
In contrast, the proposed MoE-CB framework
demonstrates strong robustness and adaptability,
making it more suitable for real-time 5G resource
orchestration scenarios.

From a practical perspective, the lightweight
computational structure of CatBoost combined
with expert specialization makes the model feasi-
ble for deployment in intelligent RAN controllers
and data driven network optimization platforms.
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