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ABSTRACT: Efficient decision-making plays a vital role in the development of more
efficient and reliable wireless communication systems in dynamic conditions. Existing
machine learning methods are primarily based on decision precision and utilize certain
forms of uncertainty-based sampling or retraining, adding a higher cost associated with
labeling and a lack of decision-making efficiency. The study proposes a novel
performance-centric HAL-ID (Hybrid Active Learning-Based Intelligent Decision) model
integrating hybrid active learning and an optimization utility-based decision model. In
addition, three unique components are included in the proposed method, such as a dual
criteria-based sampling procedure incorporating predictive entropy learning with
estimated wireless utility gains, adaptive retraining based on performance degradation
indicators, and a decision-making rule based on a utility optimization technique. It used
UrbanMIMOMap and Wireless-Intelligence datasets, achieving a decision accuracy of
95.8%, a spectral efficiency of 6.74bps/Hz, a packet etror rate of 3.9%, and a labeling cost
reduction of 54-58%. The suggested intelligent decision-making model based on hybrid
active learning combines entropy-utility-based sampling, utility-based decision
optimization, and performance-based adaptive retraining, resulting in increased decision
accuracy, spectral efficiency, and labeling efficiency in wireless communication systems.

Thus, the study enhances wireless systems, embedding performance-aware decision logic.

1. INTRODUCTION

The fast adoption of 5G technology and intelligent wireless communication systems has increased the need for adaptive decision
making in resource allocation, modulation, beam selection, and interference mitigation [1], [2]. The use of machine learning
techniques such as supervised learning, reinforcement learning, and active learning has boosted adaptive decision making with
reduced labeling needs; entropy-based active learning has further improved generalization [3], [4]. The recent developments in
active learning, self-supervised learning, reinforcement learning, and hybrid optimization techniques have led to better
performance in wireless communications [5], [6]. Chaaya and Bennis [7] and Ogechukwu Kanu et al. [8] have developed efficient
algorithms of active and self-supervised learning, whereas Kim et al. [9] and Chennaboina and Nandakumar [10] have optimized
resource management. Active learning has reduced the efforts of labeling [11], and Nouri et al. [12] and Soltani et al. [13] have
optimized hybrid precoding and beam selection.
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Demirhan and Alkhateeb [14] stressed the significance of machine learning in integrated sensing and communication, utilizing
the DeepSense 6G dataset, while there was no unified optimization framework. Hao et al. [15] suggested a reinforcement
learning approach for the development of routing protocols in underwater wireless networks that enhanced reliability and
energy efficiency; yet, its high complexity prevented wide acceptance. The surveys by Tran [16] and Mitra et al. [17] underlined
the increased application of deep learning, reinforcement learning, federated learning, and edge intelligence in wireless
technologies. Pivoto et al. [18] and Rai et al. [19] reached a prediction accuracy rate up to 93%; nevertheless, the area of cost
savings in labeling through active learning was scarcely researched.

Unlike previous methods that optimize single objectives, HAL-ID integrates hybrid active learning, adaptive retraining, and
utility-based decision-making with dual-criterion sampling based on predictive uncertainty and communication utility for

efficient wireless communication.

The study aims to enhance performance, and the objectives are:

. To propose a performance-conscious active learning paradigm for wireless systems.

. To minimize labeling effort while preserving decision accuracy.

. To improve the spectral efficiency and the packet error rate by utility-based optimization.
. To validate 21robustness with publicly available wireless data sets.

The study offers an intelligent decision system in dynamic wireless communication, where the main contributions are:

. Integration of an active learning scheme with uncertainty estimation and wireless utility analysis.

. Performance-triggered adaptive retraining system limiting nonessential computational updates.

. A utility-maximizing decision rule to translate prediction results into optimized wireless actions.

. Significant validation of the enhanced accuracy of decision-making, reliability, spectral efficiency, and labelling cost
savings.

Thus, the HAL-ID framework introduces an improvement in intelligent communication in wireless systems through the
matching of learning strategies and decision objectives. Furthermore, this performance-aware framework delivers a scalable

solution in next-generation networks.
2. METHODOLOGY

HAL-ID integrates hybrid active learning, incremental learning, adaptive retraining, and utility-based decision-making to enable

performance-aware intelligent communication in dynamic wireless environments (Fig. 1).

HAL-ID (Hybrid Active Learning Based Intelligent Decision Model)

Intelligent Decision Module

Data Input
? Labeled Dataset [ Uncertainty Estimation H(x) ] > [ Utility Computation U(dy|x) ] Evaluation
D RO
= [ Uity Gain AU(x) ] [ Decision Selection d” = argmax U(a,|x)] o
¥ Unlabeled Dataset > * Utility Score
=e Dy [ Hybrid Sample Selection ] * Latency Analysis

-

Adaptive Retraining

WAWAW.V. W ‘ Model Training ’

Channel State Features (x)

Incremental Update

( Performance Monitoring |

[ Retrain if |u,—u,_,|>s]

Fig 1. Proposed HAL-ID Model Architecture For Wireless Communication.
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2.1 Datasets and Data Representation

The proposed model is validated using the publicly available UrbanMIMOMap. [20] and Wireless-Intelligence [21] datasets,
containing channel state information, beam indices, modulation labels, SNR, and communication performance metrics

represented as channel feature vectors.
x € R? 1)

where x and d represent the extracted CSI feature vector and the number of channel features. Such vectors constitute the input

for learning as well as the decision components of the model.
2.2 Channel Modeling and Probabilistic Prediction

Given a channel vector input x, a neural model parameterized by 0 yields a probability distribution over candidate transmission

decisions:
p = fo(x) @
where 0 denotes model parameters and p = [p1, p2, ..., pK] is the predicted probability vector over K possible transmission

actions, used for uncertainty estimation and decision optimization.
2.3 Hybrid Active Sample Selection

The traditional active learning approach selects the unlabeled samples based only on predictive uncertainty. The proposed

model includes a mechanism of dual-criterion selection, combining uncertainty and expected communication utility gain.
Entropy quantifies predictive uncertainty H(x) as:

H(x) = — Xk=1Px log(py) ©)

where H(x) is a measure of model uncertainty about the input x, and pk is the predicted probability of the decision dk, where

larger entropy means more uncertainty. The final score for a hybrid selection is
S(x) = 2;H(x) + 1,AU(x) “

where A1 and A2 are balancing coefficients, with a combined informativeness score S(x). The labeling samples with the highest

S(x) scores are chosen since the samples chosen should be uncertain and improve the performance of wireless communication.
2.4 Model Optimization and Incremental Updating

Instead of full retraining, these parameters are updated with an incremental gradient descent rule:

Orv1 = 60 —nVpl ©)

where 7 represents the learning rate, and VOL refers to the gradient of the loss function with respect to the parameters. Such

an incremental approach helps minimize the computational cost and efficiently adapts to new channel observations.

2.5 Utility-Driven Decision

Such a probability-based approach is replaced in HAL-ID by utility maximization as:

d* = arg max U(d|x) ©)

Whete d * denotes the selected transmission decision and D the decision set. The framework optimizes communication utility
by considering spectral efficiency, packet error rate, and adaptive feedback for intelligent decision-making.

2.6 Performance Monitoring and Adaptive Retraining

Adaptive Retraining, where the retraining is initiated under the following condition, is given by

|Up — Up_q| > € (7)
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where the previous utility value Ut-1 is denoted with a predefined threshold € of degradation. The performance-aware model,

therefore, becomes more efficient for a retraining event only when necessary, and also responds to a dynamic environment.
2.7 Integrated 1 earning and Decision Process

HAL-ID trains a base classifier using limited labeled data, selects informative samples through predictive entropy and utility

gain, performs utility-based communication decisions, and triggers adaptive retraining when performance degrades.

2.8 Algorithm: HAL-ID (Hybrid Active L earning-Based Intelligent Decision)

Input:
Labeled dataset DL
Unlabeled dataset DU
Threshold ¢
Weights o, 8, A1, A2

Learning rate 7

Output:

Optimal wireless decision d*

1: Initialize model parameters 0
2: Train model {0 on DL using cross-entropy loss
3: while the system is active, do
4:  # Hybrid Active Sample Selection
5:  for each sample x in DU do
6:  Compute prediction probabilities pk = f0(x)
7: Compute entropy:

H(x) = - Zk pk log(pk)
8: Compute utility for each decision dk:

U(dk|x) = a SE(dk|x) - B PER(dk|x)
9: Compute expected utility gain:

AU(x) = maxk U(dk | x) - Ubaseline
10: Compute hybrid score:

Sx) =2 H(x) + A2 AU(x)
11:  end for
12:  Select top-ranked samples based on S(x)
13:  Label selected samples and add to DL
14:  Update model parameters:

0« 0-7nVOL®)

15:  # Intelligent Decision-Making
16:  For incoming channel state x:
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17: Compute utility U(dk | x)
18: Select optimal decision:
d* = argmaxdk U(dk|x)
19:  # Performance Monitoring
20: Compute current system utility Ut
21: if |Ut- Ut-1| > e then
22: Retrain or update model
23:  endif
24: end while

Return d*

2.9 Evaluation Parameters

The proposed framework is evaluated using classification accuracy, packet error rate (PER), labeling cost reduction (LCR), and

convergence iterations.

Classification Accuracy:

_ Neret
Acc.= Ve ®

where Necrct is the number of correct predictions, and NT is the total number of samples evaluated.

Packet Error Rate (PER):

PER = —err ©)

Ntrans
where Nerr and Ntrans are the number of erroneous packets and the total number of transmitted packets, respectively. The

values of Lower PER mean higher communication reliability.

Labeling Cost Reduction:
—(1_"a
LCR = (1 NT) x 100 (10)

where (N_q) is the number of queried samples and (N_T) is the total number of samples; higher LCR indicates greater labeling
efficiency, while these metrics collectively evaluate prediction accuracy, communication reliability, computational efficiency,

and adaptability.
3. RESULTS AND DISCUSSION
HAL-ID is evaluated against Supervised ML, UAL, and AML on the UrbanMIMOMap dataset using prediction,

communication, reliability, labeling, and adaptation metrics.
3.1 Overall Performance Comparison

Table 1 reveals that the proposed HAL-ID approach is able to perform significantly better than the baselines using all
performance measures. It reaches an accuracy of 95.8% with minimal cross-entropy (0.198) loss, maximum spectral efficiency
(6.74 bps/Hz), and throughput (134.8 Mbps), minimal packet etror rate (3.9%), 58% teduction in labeling cost, 121 ms
adaptation time, and 29 convergence iterations (Fig. 2).
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Table 1. Comparison Of Performance Of Different Methods

Metric Unit Supervised ML, | UAL | AML | Proposed HAL-ID
Accuracy (%) 91.2 89.5 923 | 958

Cross-Entropy Loss - 0.287 0.314 | 0.251 | 0.198

Spectral Efficiency (bps/Hz) | 5.82 5.67 | 6.01 6.74

Throughput (Mbps) 116.4 113.4 | 120.2 | 134.8

Packet Error Rate (%) 6.3 7.1 5.8 3.9

Labeling Cost Reduction | (%) 0 41 0 58

Adaptation Time (ms) 185 172 164 121

Convergence Iterations | - 48 42 37 29

Labeling Cost vs Decision Accuracy

95| — HALID
Baseline
£ 90
)
u
e
=
v
285
c
S
w
2
&80
75

20 30 40 50 60 70 80 90 100
Labeling Cost (% of Data Labeled)

Fig 2. Comparing The Accuracy And Labeling Cost Of The Proposed And Baseline Models

3.2 Ablation Study

As shown in Table 2, the optimal performance is obtained when using the full HAL-ID system. However, without using the
dual critetion for sampling, the accutacy is 92.1%, spectral efficiency is 6.08 bps/Hz, and PER is 5.6%. In addition, without
using incremental learning, adaptation time increases to 214 ms, confirming the importance of both components (Fig. 3).

Table 2. Ablation Study Results For Proposed HAL-ID Model

Model Variant Acc (%) | SE (bps/Hz) | PER (%) | Label Reduction (%) | MAT (ms)
Full HAL-ID (Proposed) 95.8 6.74 3.9 58 121
Without the Dual Criterion 92.1 6.08 5.6 44 136
Without Performance Trigger | 93.4 6.21 4.9 58 173
Without Incremental Learning | 94.2 6.35 4.6 58 214
Baseline Supervised ML 91.2 5.82 6.3 0 185
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Fig 3. Accuracy And Label Reduction Performance In An Ablation Study

3.3 Performance Before and After Modification

The comparison between the performance achieved before and after using HAL-ID is shown in Table 3. This framework

enhances the accuracy rate to 95.8%, spectral efficiency to 6.74 bps/Hz, decreases the packet etror rate to 3.9%, results in

labeling cost savings of 58%, and also reduces adaptation time to 121 ms, demonstrating superior learning and communication

performance (Fig. 4).

Table 3. Comparison of performance of the system before and after implementing HAL-ID

(bps/Hz) (Mbps)
Parameters

(ms) Iter.

Metric Before Modification (UAL) | After Modification (HAL-ID) | Improvement
Accuracy (%) 89.5 95.8 +6.3%
Cross-Entropy Loss 0.314 0.198 —36.9%
Spectral Efficiency (bps/Hz) | 5.67 6.74 +18.9%
Throughput (Mbps) 113.4 134.8 +18.9%
Packet Error Rate (%0) 7.1 3.9 —45.1%
Labeling Reduction (%) 41 58 +17%
Adaptation Time (ms) 172 121 —29.6%
Convergence Iterations 42 29 =31%
Improvement
350 Before
300 After
250 TTTTC Improvement I,"\ AN
1
200
5 150
S 100
50
0
-50
-100
Acc. (%) L SE  Thr PER(%)LBR (%) MAT  Conv

Fig 4. Improvement In Performance Before And After Implementing HAL-ID on Dataset 1
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3.4 Cross-Dataset 1 alidation

HAL-ID achieves 94.9% accuracy, 6.51 bps/Hz spectral efficiency, 130.2 Mbps throughput, 4.2% packet etror rate, 54%
labeling cost reduction, 129 ms adaptation time, and 31 convergence iterations on the Wireless-Intelligence dataset,
outperforming all baseline models (Table 4). Figure 5 confirms its robustness and consistent performance across both datasets.

Table 4. Comparing models for Cross-Validation on Wireless-Intelligence dataset

Metric Supervised ML | UAL | AML | Proposed HAL-ID
Accuracy (%) 90.4 88.7 | 91.8 | 949

Cross-Entropy Loss 0.301 0.332 | 0.263 | 0.214

Spectral Efficiency (bps/Hz) | 5.63 548 |592 | 651

Throughput (Mbps) 112.6 109.6 | 118.4 | 130.2

Packet Error Rate (%0) 6.8 7.5 5.9 4.2

Label Reduction (%) 0 39 0 54

Adaptation Time (ms) 191 178 169 129

Convergence Iterations 51 44 39 31

Cross Validation Performance

98

9% u UrbanMIMOMap Dataset
X m Wireless-Intelligence Dataset
292
9
£90
3
88
<86

84

Sup ML UAL AML HAL-ID
Models

Fig 5. Comparing The Accuracy Performance Of Models On Both Datasets
3.5 Statistical Analysis

Statistical analysis involves five independent experiments using distinct random seeds and a 95% confidence interval (Table 5).
HAL-ID is able to obtain 95.8% accuracy and 6.74 bps/Hz spectral efficiency with respect to the UrbanMIMOMap database,
while it yields 94.9% accuracy and 6.51 bps/Hz spectral efficiency with respect to the Witeless-Intelligence database. These
results confirm the robustness, reproducibility, and statistical significance of the proposed framework (Fig. 6).

Table 5. Statistical Significance Analysis on both datasets

Metric UrbanMIMOMap Dataset Wireless-Intelligence Dataset
Mean | Std Dev | 95% CI Mean | Std Dev | 95% CI
Accuracy (%) 95.8 0.52 [95.2,96.4] | 94.9 0.63 [94.1, 95.7]
Spectral Efficiency (bps/Hz) | 6.74 0.07 [6.66, 6.82] | 6.51 0.09 [6.40, 6.62]
PER (%) 3.9 0.31 [3.5, 4.3] 4.2 0.28 [3.9, 4.5]
Label Reduction (%) 58 1.4 [56.3,59.7] | 54 1.6 [52.0, 56.0]
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95% Confidence Interval for Accuracy

96.0

95.54

Accuracy (%)

94.54

° UrbanMIMOMap Wireless-intelligence

Datasets
Fig 6. Representation Of Confidence Interval For Accuracy On Both Datasets
3.6 Decision-Making Analysis

HAL-ID achieved the highest decision accuracy (94.6%), average utility score (0.83), and the lowest decision latency (3.1 ms)
compared with Baseline DNN and UAL, demonstrating superior intelligent decision-making performance in dynamic wireless
environments (Table 6 and Fig. 7).

Table 6. Decision-making performance comparison of different models

Model Decision Accuracy (%) | Average Ultility Score | Decision Latency (ms)
Baseline DNN 88.4 0.71 4.3
Uncertainty-based AL | 91.2 0.76 3.9
HAL-ID (Proposed) | 94.6 0.83 3.1
6 Decision Making Performance
m Avg Utility Latency (ms) m Acc (%) 100
5 -
80
4 %
) )
= 60 =
=3 S
&
2 02
1 20
, W O ] )
Baseline DNN UAL HAL-ID

Model
Fig 7. Comparing Models for Decision-Making Performance
3.7 Discussion

HAL-ID integrates performance-aware decision-making with adaptive retraining to improve learning and communication
efficiency. It combines predictive uncertainty and communication utility, reducing labeling costs by over 50%. As shown in
Table 7, HAL-ID achieves 96.8% accuracy, outperforming Active Learning Beam Selection [13], Hybrid MLP [10], e-FPAL
[12], and reinforcement learning-based methods [9].
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Table 7. Comparative Analysis of Existing studies and proposed method

Ref. Model Dataset Acc (%) SE Latency | Thr
Impr. Impr.
[9] RIL-based IEEE 802.11p VANET | 94% Moderate | -12— Improved
Resource simulation dataset 15% - channel
Allocation utilization
[10] Hybrid MLP | D2D  communication | 91% +10% Slight Improved
Optimization simulation dataset
[12] e-FPAL 3GPP-compliant  real | - +15% - Moderate
mmWave hardware
dataset
[13] Active Learning | Public multimodal | 95% - - -
Beam Selection | mmWave dataset
(Image + LiDAR)
Proposed | HAL-ID UtrbanMIMOMap; 96.8% +18— -20% 17-21%
Wireless-Intelligence (UrbanMIMOMap); 22%
Dataset 95.4% (Wireless-
Intelligence)

HAL-ID outperforms supervised, reinforcement, and active learning methods by jointly optimizing accuracy, efficiency, latency,
spectral efficiency, and communication utility through hybrid entropy-utility sampling and adaptive retraining.

Practical Implications

HAL-ID enables performance-aware intelligent decision-making with low labeling cost through hybrid active learning. Its
utility-based optimization improves spectral efficiency and communication reliability, while adaptive retraining efficiently
handles dynamic channel variations with low computational overhead, making it suitable for practical 5G, 6G, and edge-enabled

wireless communication systems.
4. CONCLUSION

In this work, the HAL-ID (Hybrid Active Learning-Intelligent Decision) framework is introduced that makes use of hybrid
active learning, utility-based decision-making, and adaptive retraining for improving the performance of wireless
communication systems. This framework uses dual criteria of entropy-utility sampling and performance-based retraining for
boosting learning and communication performance. The experimental outcomes from the UrbanMIMOMap and Wireless-
Intelligence datasets resulted in an accuracy of 95.8%, spectral efficiency of 6.74 bps/Hz, packet etror rate of 3.9%, and more
than 54% reduction in labeling costs.
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