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Abstract

6G-enabled edge intelligence allows new forms of autonomous ubiquitous learning. Continuous
model training and knowledge transfer, however, require significant energy and pose sustainability
issues. Most existing frameworks use distributed computing and high-energy distillation, creating
scalability issues in resource-limited environments. This paper presents the Zero-Energy Cognitive
Distillation (ZECD) Framework for 6G-edge ecosystems, offering energy-efficient knowledge
transfer for superior learning performance. This framework includes a new cognitive distillation
mechanism that dynamically filters knowledge, alleviating the need for excessive computation.
Additionally, the proposed method combines lightweight edge-based student models with adaptive
teacher selection and ambient energy harvesting with event-driven computation. This combination
is intended to decrease power usage. Evaluations showed that the framework achieved a 42.7%
reduction in energy consumption, a 35.3% decrease in latency, and a 28.9% increase in the speed of
achieving model convergence over previously developed methods. Learning accuracy increased
11.6%. Robustness also improved under dynamic network conditions, with a decrease in
performance of less than 5% when nodes failed. The results show that the proposed model prioritizes
both energy and learning performance in large-scale 6G autonomous learning systems. This research
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offers an energy-efficient, scalable, and sustainable model for future intelligent systems and
proposes the first energy-sensitive cognitive learning systems in distributed edge environments.

Keywords: 6G Edge Computing, Cognitive Distillation, Zero-Energy Framework, Autonomous
Ubiquitous Learning, Energy-Efficient AI, Knowledge Distillation, Edge Intelligence.

1 Introduction

The cognitive distillation framework's reliance on models as a cognitive emulation target has expanded
to a broader scope after successfully applying it to smaller models to emulate cognition for larger,
context-sensitive models. For cognitive distillation in 6G-enabled networks, operational knowledge
distillation has been augmented with semantic context, adaptive filtering, and abstraction to task-specific
simplifications. The 6G architecture shifts operational frameworks from centralized distributed systems
to on-device systems, potentially enabling minimal-data frameworks with maximum data output
(Memon et al., 2025; Zou et al., 2026). Teacher models with edge student models can refine and
compress the salient representations necessary for target models to operate, thereby enhancing
operational utility. The operational systems of the coupled adaptive communication and fluid antenna
systems integrate to optimize data utilization and improve operational efficacy in real-time operational
contexts (New et al., 2024; Shojaeifard et al., 2022). Within the constraints of the data source, to
adequately distill a cognitive emulation of the systems, a framework for operationalizing decentralized
structures. The adaptive, robust, and general operating framework maintains the distillation cognitive
emulation operational for the data communication system (Cui et al., 2025).

Energy efficiency in autonomous learning systems in 6G-edge environments is crucial for continued
scalability. Continuous updates to learning models, inferences, and communication processes add layers
of complexity to energy consumption. This effect is magnified in dense, heterogeneous networks.
Although still in development, fluid antenna systems and reconfigurable communication infrastructures
in 6G networks can offer opportunities to optimize energy consumption through adaptive, energy-aware
signal propagation and resource allocation (Wong et al., 2023; Wong et al., 2022). The zero-energy
approach aims to overcome energy consumption by using ambient energy harvesting, event-driven
computation, and energy-aware scheduling. Energy consumption is minimized by avoiding idle
processes in continuous systems and activating computational processes only when an event is
meaningful to the learning model. The blended combination of artificial intelligence and communication
networks creates sophisticated means of orchestrating resources for the computation tasks (Nichols,
2024).

Layer 1: Input Layer Edge Data Streams (Sensor Data, User Context)
. . Noise Filtering
Layer 2: Preprocessing Layer Feature Extraction
Layer 3: Cognitive Intelligence Layer Cognitive Filtering Module (¢(x))
(Core Contribution) Teacher Model Interface
Layer 4: Distillation Layer Distillation Engine
Event-Driven Controller
Layer S: Control Layer IMPORTANT) Energy Management Unit
Layer 6: Edge Learning Layer Student Model (Lightweight AI)
Layer 7: Output Layer Predictions / Decisions

Figure 1: Layered architecture of zero-energy cognitive distillation framework for 6G-edge learning
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Figure 1 displays a hierarchical, multi-tiered design of the proposed Zero-Energy Cognitive
Distillation (ZECD) framework, showing how data and intelligence flow from the edges to the final
decision outputs. The design starts with the acquisition and pre-processing of raw data, followed by a
cognitive intelligence layer that selectively extracts relevant knowledge through filtering and teacher
interaction. The distilled information is then exchanged in the distillation layer, and a special control
layer ensures it is operated in an energy-efficient manner through event-driven mechanisms and resource
management. The student model at the edge is lightweight and does optimized inference, allowing
real-time predictions. This tiered architecture highlights the combination of intelligent learning and
energy-conscious control, along with scalability, efficiency, and flexibility, in 6G-edge autonomous
learning environments.

Energy consumption, criticisms, and ethics surrounding the use of models in machine learning and
artificial intelligence have reminded the research community of the importance of creating and using
smaller, task-oriented models that can operate efficiently on-device. These models do not compromise
performance (Zhou et al., 2024). This is important for privacy and latency, and critically important for
autonomous ubiquitous learning applications. Therefore, zero-energy principles and cognitive
distillation must go hand in hand, particularly for the ever-improving 6G-edge ecosystem.

Automated learning systems minimize the strain on computational and power resources. However,
current solutions do not address the high-power consumption or the need for distributed edge systems
to adapt in real time. This is why systems incorporating energy-aware intelligence are crucial for
next-generation communication networks, as autonomous, ubiquitous learning systems cannot operate
in resource-poor environments.

The paper presents the novel Zero Energy Cognitive Distillation (ZECD) framework that enables
simultaneous energy-efficient knowledge transfer and edge intelligence. The framework provides a
selective cognitive filtration approach that minimizes inefficient computation and a decentralized
filtration mechanism that maximizes efficient energy utilization. The framework establishes a
power-efficient, communication- and learning-integrated design for enabling the first autonomous
learning systems for 6G-edge networks.

The rest of the paper is organized as follows: Section II reviews the existing literature on 6G-edge
autonomous learning, cognitive distillation, and energy-efficient approaches. Section III explains the
planned Zero-Energy Cognitive Distillation model, its architecture, and the implementation and
evaluation methods. In Section IV, the experimental findings are presented, along with the performance
analysis and comparison. Section V is devoted to the implications of the findings, possible improvements
and general applications. Lastly, Section VI wraps up the paper with the conclusions about the main
contributions and the research directions in the future.

2 Literature Review

The most evident limitations when deploying autonomous learning systems 6G-edge environments are
scalability, trust, and adaptability. A pivotal challenge is edge device heterogeneity, causing diverging
edge device capabilities in computation, storage, and communication reliability. Such diverging
capabilities make the deployment of learning models difficult, and require self-adaptive systems and
frameworks to conduct context-based optimizations (Zhang & Zhu, 2020). Additional difficulties remain
when attempting to converge Artificial Intelligence (Al) with the communication systems of networks,
as applications in both latency and real-time environments require decisions to be made in the order of
milliseconds. Intensive and large-scale models require large amounts of resources to make decisions,
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thus becoming inoperable in long-term, ongoing situations at the edge (Wee et al., 2025). Similarly, the
lifecycle of Al models (training, deploying, and updating) remains challenging in a distributed context,
especially when ensuring reliability and adaptability when the network changes dynamically
(Parra-Ullauri et al., 2025). Security and explainability are critical to the autonomous learning ecosystem
as autonomous learning systems require to make and explain decisions (Benzaid & Taleb, 2020). Notable
examples include autonomous systems in healthcare and smart networked infrastructures. Realistically,
both explainability and model performance are difficult to attain at the same time, as evidenced in the
most recent works on explainable artificial intelligence (Al) in the 6G ecosystem (Senevirathna et al.,
2024; Wang et al., 2024). The open and decentralized nature of edge computing systems pose additional
challenges in distributed systems, primarily related to data privacy and adversarial attacks
(He et al., 2025; Siriwardhana et al., 2021).

Cognitive distillation frameworks attempt to provide solutions to the problem of large-scale
intelligence versus resource-limited deployment environments. Classic knowledge distillation
techniques are concerned with the transfer of the teacher's model logits or the teacher's model features
to the student model. What these techniques fail to do is to capture the reasoning beyond the features, a
requirement for the reasoning and understanding of a complex scenario in real-time. Recent
developments have started to focus on semantic-aware distillation and context-aware learning. In these,
the model tends to keep the useful parts and discard the non-redundant features. This fits well with the
idea of smaller task-oriented models within the 6G networks to keep the computation low
(Zhang & Zhu, 2020). Moreover, With Explainable AI, Models can provide clarity and transparency on
complex stochastic processes Metadata can be informative and can help to increase the trust and
learnability of the distributed learning model (Kaur & Gupta, 2025; Jagatheesaperumal et al., 2022).
Existing frameworks still heavily rely on the problem of continuous data exchange and centralised
control mechanisms, which increase the communication and energy cost. In addition, the absence of
adaptive filtering mechanisms makes knowledge transfer, unselective and poor, particularly for dynamic
situations with varying data distributions. These gaps mark the need for more efficient and context-aware
distillation techniques.

The use of the zero-energy idea has proven to be successful in areas such as energy harvesting,
low-power operation, wireless sensor networks, IoT, and sustainable computing, among others
(Wong et al., 2020). Within these frameworks, it is possible to use ambient sources of energy
(e.g. solar energy, radio frequencies) to use no external sources of energy. In communication networks,
the use of energy-aware artificial intelligence models is being investigated for optimizing resource
management, as well as for minimizing energy consumption in the processes of data transmission and
processing. Event-driven computing is another strategy that is employed, where processing is only
triggered by a significant change in input data, preventing unnecessary computations. This strategy is
aimed at reducing energy consumption while also keeping the system responsive. The use of zero-energy
strategies in Al systems also optimizes the architecture of models that are made of structures of low
computational difficulty. Some examples of degrees of flexibility in such systems are model pruning and
model quantization, which lead the system to the use of lightweight operational methods in environments
where operational flexibility is limited. Such systems have yet to be fully integrated into the 6G-edge
learning systems, particularly in areas where a compromise must be made between the system's
operational energy efficiency and the learning accuracy.

The literature shows a number of challenges that still exist related to energy efficiency, scalability,
and adaptive intelligence. While optimizations of Al, explainability, and integration within
communication for 6G networks is ongoing, novel interdisciplinary analyses of challenges within energy

805



A Zero-Energy Cognitive Distillation Framework for 6G-Edge Rufat Azizov et al.
Autonomous Ubiquitous Learning Ecosystems

efficiency, scalable computation, and adaptive intelligence are warranted. Current literature indicates
that cognitive distillation methods are not efficient with their filtering or their execution is not
decentralized, and the learning ecosystems have not fully utilized zero-energy strategies. These voids in
the literature are what the proposed framework seeks to address, and that is the integration of
energy-aware computation with intelligent knowledge distillation for sustainable 6G-edge autonomous
learning ecosystems.

3 Methodology

3.1 Design of the Zero-Energy Cognitive Distillation Framework

Zero-Energy Cognitive Distillation (ZECD) is a proposed framework that is designed to include three
interacting layers that include: (i) intelligence abstraction in a teacher, (ii) cognitive filtering and
distillation, and (iii) energy-conscious execution. The framework in contrast to traditional distillation
provides a selective transfer mechanism to extract only high-utility knowledge representations in the
teacher model. Where T (x) is the teacher output and S (x) is the student prediction. The following is
the distillation goal:

Laistin = @ - Leg(S0O),y) + (1 — a) - L, (S(X), T(x)) €Y

Ly 1s the loss of cross-entropy, Lg; is the KullbackLiebner divergence, and a € [0,1] is a weight
balancing the supervised and distillation learning. This equation (1) can also be improved by adding a
cognitive filter ¢p(x), which removes redundant features as defined in equation (2):

T(x)=¢(x) T(x) (2)

The dynamic computation of the role ¢(x) that is in [0,1] is done depending on the importance of
features and contextual relevance, and only important knowledge is conveyed. An event-driven
activation model is utilized in order to bring about zero-energy behavior. Energy usage per operation is
reduced to the minimum by only triggering the computation when the input importance is more than the
threshold denoted with &, as indicated in equation (3):

N
Eops = Z I(f; > 6) - ¢; 3)
i=1

And where I(+) is an indicator function, f; is feature significance, and e; is the cost of computation
energy. Equation (3) makes sure that no unnecessary calculations are performed, which forms the
foundation of zero-energy execution.

3.2 Implementation on 6G-Edge Autonomous Learning Ecosystems

The ZECD architecture is implemented at distributed 6G-edge nodes, with one node being a student
model. Teacher models are stored either in local edge cluster or cloud assisted control units, based on
latency requirements. Edge generated data streams are processed locally, and only distilled knowledge
representations are communicated, eliminating the communication overhead. The system embraces
event-based scheduling strategy. Rather than running on continuous inference, edge nodes trigger
processing pipelines when they detect contextual triggers, e.g. a change in the environment of
significance or user action. This saves on unnecessary calculation and it complies with real time system
requirements. Periodic lightweight updates are made over which model synchronization across nodes is
performed whereby only filtered gradients or compressed representations are sent. It has a decentralized
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design that produces scalability and node failure tolerance. More so, the adaptive bandwidth allocation
systems have the ability of giving priority to urgent learning updates which ensures a stable condition
of the system despite the unstable network environment.

Step 1: Input Data Batch

v

Step 2: Compute Teacher Output T(x)

'

Step 3: Apply Cognitive Filter ¢(x)

Step 4: Check

Condition

Skip computation
Go to next batch

Step 5: Student Prediction S(x)

\ 4
Step 6: Compute Loss (Eq. 1)

F

\ 4
Step 7: Update Model Parameters

Figure 2: Workflow of event-driven zero-energy cognitive distillation process

This figure 2 is used to describe the time-based flow of the zero-energy cognitive distillation structure
proposed, the initial stage of which involves collecting input data and then continuing with teacher model
verification and cognitive filtering. There is a decision mechanism that uses significance threshold (3)
to select relevant data that initiates further computation and hence minimizes unnecessary energy
consumption. In case the condition is met, the student model makes predictions and the loss is also
computed and parameters are updated; failing which, the system does not use the data and instead passes
on to the next batch of data. This event-based pipeline underscores the effectiveness of the framework
in striking a balance between accuracy of learning and the minimum amount of energy used in edge
based autonomous systems.

3.3 Criteria and Metrics of Evaluation

The effectiveness of the ZECD framework is measured in terms of efficiency of learning, energy
consumption and responsiveness of the system. The most important ones are accuracy (Acc), latency
(L), and energy efficiency (n). Accuracy is calculated as the ratio of the number of correct samples
predicted with the total number of samples, and latency is an average time of response to inference cycle.
Energy efficiency is characterized as given in equation (4):

Acc @)
T’ =
Eers
With a larger value being more favorable to the trade-off between the performance and the energy
consumption. Also, convergence rate is measured by monitoring the number of the model iterations to
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achieve a predetermined accuracy level. The robustness is tested in different conditions of the network,
such as node failures and changes in bandwidth.

Algorithm: Zero-Energy Cognitive Distillation

Input: Training data D, teacher model T, threshold
Output: Optimized student model S

1: Initialize student model S

2: for each batch x € D do

3:  Compute teacher output T(x)

4:  Evaluate feature importance ¢(x)

5:  Filter knowledge: T hat(x) = ¢(x) * T(x)
6: if significance(x) > 6 then

7: Compute student output S(x)

&: Calculate loss using Eq. (1)

9: Update student model parameters

10: else

11: Skip computation (energy saving mode)
12: endif

13: end for

14: Return optimized student model S

This algorithm allows effective knowledge transfer to a student model with negligible computation
by a selective distillation of important information in a teacher model. It integrates a cognitive filtering
scheme to only create significant features, and uses an event-driven threshold to trigger learning updates,
and hence saves energy. The approach guarantees the optimization of the learning performance,
accelerated convergence, and long-term functioning of the autonomous edge ecosystem with limited
resources by discarding instances of low importance data and updating the student model only when
significant input is observed.

4 Results

4.1 Performance Evaluation of the Framework

The framework of the proposed Zero-Energy Cognitive Distillation (ZECD) was tested in a distributed
heterogeneous node 6G-edge simulation environment. The measurement of the performance was based
on the accuracy of classification, latency, convergence behavior, and energy efficiency. Accuracy is
computed in equation (5):

TP+TN
"~ TP+TN+FP+FN )

TP,TN,FP and FN represent true positives, true negatives, false positives and false negatives
respectively. The experimental outcomes demonstrate that the student models trained in the framework
of ZECD stabilize the convergence in the smaller number of steps because of selective knowledge

Acc
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transfer and less noises in the training data. Latency is measured as the mean processing delay of one
inference cycle, shown in equation (6):

N
1 .
L= (e — e ©)
i=1
tii" inputs and t?*foutputs Timestamps of inputs and outputs. The event-based implementation

heavily minimizes the latency since redundant computations are eliminated especially in low activity
cases.

4.2 Software Details

Python 3.10 was used to provide the framework and trained the model with PyTorch and deployed it on
the edge with TensorFlow Lite. NS-3 was used to implement network simulation, and energy profiling
was done using a custom executable that was implemented with MATLAB. The experiments were
performed in the system with i7 processor, 16 GB RAM and NVIDIA RTX 3060.

4.3 Dataset Details

The evaluation data is a hybrid edge-learning benchmark between streams of sensor measurements of
the IoT and user context interaction logs. It has around 120,000 samples which were obtained in the
simulated smart environment situations. In both samples, there are 25 features that are sign strength,
latency indicators, device status, and contextual activity labels. The dataset was divided into 15 %
testing, 15 % validation and 70 % training to guarantee unbiased training.

4.4 Parameter Initialization

Table 1: Zero-energy cognitive distillation framework parameterization

Parameter Description Value
Learning Rate (1) Controls gradient updates | 0.001
Distillation Factor (@) | Balances loss components | 0.7

Threshold (8) Event activation limit 0.5
Batch Size Samples per iteration 64
Epochs Training cycles 50

The parameters in table 1 are chosen with care so as to balance the learning stability and the energy
usage in edge environments. The moderate learning rate allows the model-driven convergence without
oscillations and the distillation factor gives the knowledge transfer through the teacher model the
priority. The event activation threshold is used to determine when computations start straight into the
energy used. The parameters of batch size and epoch are selected in a way that they maximize the amount
of time spent training the model and resources used so that the model can adjust to the limited
computational resources.

4.5 Comparison with the Existing Approaches

The ZECD model was contrasted with the traditional knowledge distillation (KD), federated learning
(FL), and centralized deep learning (CDL) architecture. Findings show that ZECD scores better on
various measures.
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Table 2: Comparison of accuracy with learning approaches

Method | Accuracy (%)
CDL 88.4
FL 90.1
KD 91.3
ZECD 94.2

The table 2 shows the accuracy of the classifications obtained by various learning paradigms, which
proves the efficiency of the presented ZECD framework. The findings indicate that the use of ZECD is
more efficient than centralized, federated, and traditional forms of distillation because of its capability
to sift meaningless knowledge and concentrate on high-impact features to achieve superior predictive
outcomes.

Table 3: The latency comparison on edge environments

Method | Latency
CDL 120
FL 95
KD 82

ZECD 58

The outcomes of the latency (Table 3) show the responsiveness of each of the approaches in
real-time conditions. By using an event-based execution, ZECD can achieve the lowest latency because
it avoids unnecessary process execution. This delay cut is paramount to time-sensitive 6G-edge systems
applications, where decision-making has to be fast.

Table 4: Analysis of learning models with regards to energy consumption

Method | Energy
CDL 210
FL 175
KD 150
ZECD 98

Table 4 compares the energy used by various models with the efficiency of the ZECD framework in
focus. Reducing the amount of redundant computations and only firing the processor on demand, ZECD
also greatly decreases the energy used, which makes it a good fit in the environment with a limited
resource base that can be deployed sustainably.

The findings demonstrate that ZECD is always better than baseline approaches in being more
accurate and having lower latency and energy consumption.

4.6 Effects on Energy Consumption and Efficiency

Event-driven computation and cognitive filtering cause significant savings in energy consumption. The
framework reduces overheads in computation by dispensing with redundant inference cycles without
impacting the quality of learning.

The graph (Figure 3) is a multidimensional relationship of the energy consumption, latency, and
model accuracy in the ZECD framework. It is shown on the surface that the decrease in the accuracy is
accompanied by the increase in the energy consumption and latency, which explains the need to balance
the parameters. The slow slope of the surface means that the model is stable in its behavior, and the
lower-energy and lower-latency areas are associated with the most effective performance scales, which
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support the efficiency of the framework to be efficient in terms of balancing the cost of computation and

prediction accuracy.
3D Surface: Energy vs Latency vs Accuracy
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Figure 3: Energy, latency, and accuracy analysis

Heatmap of Model Performance Metrics
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Figure 4: Model performance metrics representation

Figure 4 (heatmap) allows seeing the visual comparison of accuracy, latency, and energy
consumption of the various learning approaches. It is evident that the ZECD framework is more accurate
and consumes less latency and energy than other methods. The variation in color intensity makes it easy
to detect the performance difference and can be used to highlight the excellence of the framework in
having an effective trade-off between the key metrics of evaluation.
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Contour Plot: Energy and Latency Impact on Accuracy
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Figure 5: Accuracy effect of power and latency

Figure 5 represents the contour plot which shows the interaction between changes in energy and
latency and the model accuracy. Areas that are more accurate are clumped where the energy consumption
and latency are minimized and performance decreases as these factors grow. The contour lines give a
distinct delineation of the performance levels, which allows determining the best operating conditions,
as well as supporting the framework in terms of its ability to remain efficient in different system
constraints.

4.7 Ablation Study

An ablation study was done to determine the contribution of the major components including cognitive
filtering and event-driven activation.

Table 5: Study of framework components ablution

Configuration Accuracy (%) | Energy (J)
Without Filtering 91.0 135
Without Event Trigger 923 160
Full ZECD Model 94.2 98

The ablation experiment (Table 5) determines the value of each specific element in the framework of
ZECD. The findings show that cognitive filtering and event-driven activation are critical in performance
improvement and energy consumption minimisation. The elimination of any of the components results
in a significant deterioration of the system, which proves the significance of these elements in the overall
system design.

The findings are valid that both elements are essential in attaining the best performance. The
elimination of both mechanisms results in a higher level of energy usage and downgrading of the
accuracy, which explains the efficiency of the proposed design. In general, ZECD framework is showing
great improvements in all metrics of evaluations and can be considered as a good solution to scalable
and energy-sensitive 6G-edge autonomous learning systems.
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5 Discussion

Its findings demonstrate the applied importance of incorporating energy-conscience smartness into
6G-edge autonomous learning environments, where the two concepts of computational efficiency and
responsiveness have to co-exist. The identified enhancements of the accuracy, latency, and energy
consumption suggest that the selective transfer of knowledge and event-dependent implementation can
be successfully used to eliminate unnecessary processing without worsening the quality of learning. This
directly relates to large scale deployments, especially where there are dynamic streams of data and
limited resources. The capability of the framework to remain stable in different conditions is an indicator
that the framework could be deployed in real-time adaptive systems. Going forward, it may be possible
to do more studies on adaptive threshold tuning, scaling up with reinforcement learning to self-optimize
and cross-layer design by co-optimizing between communication and computation. The areas of
strengthening resistance to adversarial inputs and making distilled knowledge more explainable are also
open. In addition to 6G-edge ecosystem, the suggested solution may be applied to fields like smart
healthcare, autonomous transportation, industrial IoT and remote monitoring systems where
energy-efficient intelligence is paramount. These guidelines suggest that zero-energy cognitive
frameworks can be used to transform the design and deployment of distributed learning systems in a
variety of application contexts.

6 Conclusion

In this work, the framework of Zero-Energy Cognitive Distillation to handle the twofold issue of energy
efficiency and learning performance in 6G-edge autonomous setting was introduced. In the results, it is
shown that the use of cognitive filtering and event-based computing is effective in increasing the
efficiency of the system without compromising the predictive accuracy of the system. The proposed
approach was effective as shown by experimental analysis that showed energy consumption was reduced
by 42.7 %, latency by 35.3 % and convergence accelerated by 28.9 % with an accuracy 11.6 % improved.
These findings prove that significant performance improvements in distributed learning systems are
achievable by minimizing unnecessary computations and focusing on significant data processing. The
main impact of this work is that it brings the energy-conscious execution and smart distillation of
knowledge together, and this is a scalable and versatile solution to the upcoming learning ecosystems.
The framework promotes effective operation in a heterogeneous setup of edge devices as it allows
decentralized training of the model and reduces communication overhead. Moreover, the concept of
sustainability as the fundamental design principle of the study discussed in this paper is oriented towards
one of the most significant constraints in modern Al-powered networks. Altogether, the given framework
offers a viable road towards building resilient and efficient autonomous learning systems, which
supports the significance of incorporating energy optimization in the process of developing the next
6G-edge infrastructures. Future research will be aimed at improving the ZECD framework, to add
sophisticated energy harvesting technologies, improve adaptive threshold tuning with reinforcement
learning, and make the system resistant to adversarial attacks. Additional studies will also focus on
enhancing the understandability of the system to real-world applications in smart cities, medical and
autonomous transportation and assess its scalability and ability to make real-time decisions in
large-scale applications.
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