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TOWARD SELF-EVOLVING QUALITY ASSURANCE FRAMEWORKS
FOR AI-DRIVEN INTELLIGENT ENERGY MANAGEMENT SOFTWARE

The subject matter of the article is the processes of designing and validating a self-evolving quality assurance
(SEQA) framework for artificial intelligence (Al)-driven intelligent energy management software (IEMS). The
goal isto develop a scalable and adaptive SEQA framework that enables continuous optimization and reliability-
and trustworthiness-oriented quality assurance in dynamic, heterogeneous operational environments. The tasks
to be solved are: to formalize a unified QA architecture integrating reinforcement learning for adaptive control
and federated learning for distributed calibration; to develop a robust cross-domain adaptation mechanism
ensuring energy-aware trust calibration; and to empirically validate the framework's performance against base-
line models across multiple real-world energy datasets. The methods used are: reinforcement learning for pol-
icy-driven optimization, federated learning for privacy-preserving model aggregation, trust calibration tech-
niques for reliability assessment, and experimental benchmarking on NASA, UCI, and OPSD datasets. The fol-
lowing results were obtained: the proposed SEQA framework successfully integrates reinforcement learning-
based local adaptation with federated policy aggregation, achieving continuous self-evolution of QA perfor-
mance across heterogeneous energy management scenarios; the cross-domain adaptation mechanism ensures
robust generalization capability, with F1-scores exceeding 0.86 and reliability remaining above 0.91 under
diverse operational conditions; experimental validation demonstrates consistent improvements in reliability
(F1-score increases by 6-8%), calibration accuracy (Expected Calibration Error reduced to 0.024), and energy
efficiency (up to 13%) compared to baseline QA models; the framework maintains stable performance under
dynamic data distributions, with ablation studies confirming that each component—reinforcement learning, fed-
erated evolution, and continual replay—plays a critical role in enabling robust self-evolving quality assurance.
Conclusions. The scientific novelty of the results obtained is as follows: 1) the proposed SEQA framework in-
troduces a unified adaptive paradigm that synergistically combines reinforcement learning, federated calibra-
tion, and cross-domain adaptation, enabling autonomous, continuous quality evolution in IEMS; 2) the devel-
oped cross-domain mechanism achieves robust generalization and energy-aware performance balancing, ad-
dressing key limitations of static and single-domain QA approaches; 3) the extensive experimental validation
demonstrates consistent improvements in reliability, calibration accuracy, and energy efficiency, confirming the
framework's practical applicability for long-lifecycle industrial deployments; 4) the integration of adaptive ag-
gregation intervals and policy pruning mechanisms minimizes redundancy during synchronization while main-
taining near-linear scalability on distributed federated nodes, validating the framework's feasibility for deploy-
ment in real-world smart grid and industrial 10T environments

Keywords: Artificial Intelligence; Energy Management Software; Self-Evolving Quality Assurance; Federated
Learning; Reinforcement Learning; Reliability; Calibration.

operational environments [1, 2]. Recent advancements in
artificial intelligence (Al) have introduced adaptive and

1. Introduction

The increasing complexity of intelligent energy
management systems (IEMS) has made consistent soft-
ware quality assurance (QA) a fundamental requirement
for achieving reliability, sustainability, and resilience in
large-scale energy operations. Traditional QA frame-
works, which rely on static testing procedures and rule-
based validation, often fail to adapt to evolving system
behaviors, heterogeneous data sources, and dynamic

predictive learning mechanisms into modern energy sys-
tems. However, most existing QA solutions remain static
after deployment. They lack the capacity for self-moni-
toring, self-correction, and continuous evolution in re-
sponse to data drift, uncertainty, and cross-domain varia-
bility. Such distribution shifts across domains and opera-
tional conditions have been widely studied in the context
of transfer learning and domain adaptation 1, as well as
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concept drift adaptation in non-stationary environments
[3]. As a result, QA performance typically degrades over
time, leading to unreliable software behavior and ineffi-
cient energy utilization [4, 5]. Recent advances in artifi-
cial intelligence (Al) have introduced adaptive and pre-
dictive learning mechanisms into modern energy sys-
tems, enabling more flexible and data-driven control
strategies [6, 7]. In particular, learning-based approaches
have shown promising potential in improving system-
level adaptation under dynamic operational condi-
tions [8].

The principal purpose of this research is to propose
and empirically validate a self-evolving quality assurance
(SEQA) framework that demonstrably achieves the
stated goal: continuous optimization and reliability assur-
ance in dynamic, heterogeneous operational environ-
ments. This framework is designed to enable continuous
adaptation and autonomous optimization for Al-driven
intelligent energy management software operating within
dynamic and heterogeneous environments. To systemat-
ically achieve this goal, the study defines the following
research objectives:

1. To design a unified QA architecture that inte-
grates reinforcement learning for adaptive control and
federated learning for distributed, privacy-preserving
calibration. This integration is intended to establish a
foundation for autonomous, dynamic quality evolution in
software systems.

2. To develop a robust cross-domain adaptation
mechanism. This mechanism is engineered to ensure con-
sistent, energy-aware performance and to maintain cali-
bration trustworthiness across diverse operational do-
mains and shifting data distributions.

3. To empirically validate the proposed SEQA
framework through rigorous experimentation on multi-
ple, real-world energy datasets. The validation aims to
demonstrate quantifiable improvements in critical perfor-
mance metrics—specifically reliability (measured by F1-
score), calibration accuracy (measured by Expected Cal-
ibration Error), and operational energy efficiency—
against established baseline and contemporary QA mod-
els.

In direct response to these objectives, this paper
proposes a SEQA framework that continuously enhances
system reliability through the integration of reinforce-
ment learning and federated quality calibration. The pro-
posed SEQA-IEMS model incorporates multiple adap-
tive layers dedicated to real-time trust calibration, do-
main-level adaptability, and the optimization of the en-
ergy—performance balance. These design choices directly
operationalize the study's overarching goal: continuous
optimization and reliability assurance in dynamic, heter-
ogeneous environments. Concretely, continuous optimi-
zation is realized through the reinforcement learning
layer, which continuously selects low-cost adaptation

actions (e.g., local fine-tuning over full retraining). Reli-
ability assurance is achieved via trust calibration that
aligns model confidence with empirical accuracy, and via
federated aggregation that preserves stability across dis-
tributed nodes. Both properties are designed to be sus-
tained together under dynamic operational conditions,
with quantitative evidence provided in Sections 4.5-4.12.

The major contributions of this paper are summa-
rized as follows:

1. A unified SEQA framework that combines fed-
erated learning and reinforcement-based QA to enable
dynamic self-evolution in intelligent energy management
software.

2. A cross-domain adaptation mechanism designed
to achieve energy-aware trust calibration and robust per-
formance under heterogeneous operating conditions.

3. Extensive experimental validation conducted on
multi-source energy datasets, demonstrating superior re-
liability, calibration accuracy, and adaptability compared
with baseline QA models.

The remainder of this paper is organized as follows:
Section 2 reviews related work on Al-based QA and fed-
erated adaptation. Section 3 presents the proposed SEQA
methodology. Section 4 discusses experimental setup and
evaluation results. Section 5 provides discussion and fu-
ture perspectives, followed by conclusions in Section 6.

2. Related Work

The quality assurance (QA) of intelligent energy
management systems (IEMS) has attracted growing at-
tention in recent years, particularly with the emergence
of Al-driven control and optimization mechanisms [9].
This section reviews the most relevant studies across four
perspectives: software quality assurance in intelligent en-
ergy systems, Al-based reliability prediction, federated
learning for distributed quality modeling, and reinforce-
ment learning for adaptive QA.

2.1. Software Quality Assurance
in Intelligent Energy Systems

Early QA approaches for energy management soft-
ware primarily relied on rule-based validation and static
test suites [1, 2].

Such a study as Li et al. (2019) highlights that static
verification frameworks cannot capture the temporal var-
iability and contextual dependencies inherent in intelli-
gent energy systems [10].

Furthermore, manual QA strategies often fail to
meet the reliability and latency requirements of real-time
energy optimization. Recent studies have further ex-
tended Al system quality assessment toward structured,
metric-based and characteristic-driven quality models for
Al systems [11, 12].
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2.2. Al-Based Reliability and Prediction Models

The integration of artificial intelligence (Al) tech-
niques has led to significant advances in predictive relia-
bility modeling. Machine learning algorithms—particu-
larly deep neural networks and ensemble models—have
been employed to detect anomalies, forecast degradation,
and predict potential faults within energy control sys-
tems.

However, despite improved detection accuracy,
most models are trained in a single-domain context and
thus struggle to generalize across heterogeneous data
sources. Research by Felderer and Ramler (2021) empha-
sized the importance of dynamic and explainable models
capable of learning under uncertainty, which motivates
this study’s self-evolving QA design [13, 14].

2.3. Al-Based Reliability
and Prediction Models

Federated learning (FL) has recently emerged as a
promising paradigm for distributed quality modeling
without centralized data aggregation. Studies such as
Chen et al. (2022) and McMahan et al. (2017) demon-
strate that FL-based architectures can improve model
generalization and preserve data privacy across industrial
and energy domains [15, 16].

However, conventional FL schemes assume homo-
geneous data distributions and fixed communication pat-
terns, which limit their adaptability in real-world IEMS
applications. This limitation motivates the integration of
federated calibration into the SEQA framework, enabling
domain-level collaboration while maintaining system au-
tonomy [5, 17].

2.4. Reinforcement Learning for Adaptive
Quality Assurance

Reinforcement learning (RL) has been increasingly
adopted to optimize decision-making in complex energy
environments. Recent studies on RL-based energy man-
agement and demand response demonstrate the effective-
ness of reinforcement learning in handling complex en-
ergy-performance trade-offs [6, 7].

However, most existing RL-based QA mechanisms
remain episodic and lack cross-domain transferability,
limiting their applicability in evolving system environ-
ments [18]. They optimize specific configurations rather
than enabling continuous improvement over evolving
system states.

To overcome this limitation, the proposed SEQA
framework formulates QA as a continuous state—action
optimization problem, enabling the system to learn and
evolve dynamically under varying operational condi-
tions.

2.5. Summary and Research Gap

In summary, existing QA frameworks for intelli-
gent energy systems have made notable progress in pre-
dictive reliability and distributed learning.

Nevertheless, current methods lack a unified mech-
anism that integrates federated learning, reinforcement
learning, and trust calibration to achieve self-evolving
quality assurance.

This research fills that gap by proposing SEQA, a
framework that continuously adapts and calibrates QA
performance across multiple domains, providing a scala-
ble and trustworthy solution for intelligent energy man-
agement software [19].

2.6. Trustworthiness Perspective

In recent years, trustworthiness has become an im-
portant requirement for Al-based systems, extending be-
yond the traditional notion of reliability. While reliability
focuses on prediction correctness and system stability,
trustworthiness encompasses a broader set of properties,
including calibration, robustness, adaptability, and oper-
ational consistency.

In the context of intelligent energy management
software, this broader perspective is particularly im-
portant because such systems operate in dynamic, heter-
ogeneous, and safety-sensitive environments. Therefore,
in this study, reliability is retained as a core quantitative
metric, while the proposed SEQA framework is posi-
tioned within a trustworthiness-oriented quality assur-
ance paradigm. In this sense, reliability is treated as one
essential component of overall trustworthiness, together
with calibration accuracy, adaptation performance, and
efficiency, as emphasized in recent trustworthiness-ori-
ented evaluation studies [20].

3. Methodology

This section presents the methodological founda-
tion of the proposed Self-Evolving Quality Assurance
(SEQA) framework for intelligent energy-management
software. The SEQA framework integrates reinforce-
ment learning (RL), federated learning (FL), and trust
calibration to realize adaptive and self-improving soft-
ware-quality control (Fig.1).

3.1. Framework Overview
The SEQA framework is structured into three inter-

active layers that together enable continuous quality evo-
lution:



166

Radioelectronic and Computer Systems, 2026, no. 1(117)

ISSN 1814-4225 (print)
ISSN 2663-2012 (online)

Self-Evolving Quality Assurance
for Al-based IEMS (SEQA)

Monitoring Layer

o Data Collection: ECE, RMSE, Anomaly Rate
o Drift Detection (K-S Test, ADWIN)

. 7

!

( Learning Layer )
(Reinforcement Learning)

o State: Quality Indicators
o Actions: Tune, Repair, Aggregate, Skip
e Reward: AReliability —A~Cost

A

Decision Layer

(RL Agent)
o Policy Sharing across IEMS nodes
» Global Model Update (FedAvg + Mutation)

Evolution Layer

(Federated Aggregation)

¢ Policy Sharing across IEMS nodes

o Global Model Update (FedAvg + Mutation)
T

Fig. 1. Overall architecture of the proposed
SEQA-IEMS framework

1. Monitoring Layer (Data Perception): collects te-
lemetry, operational logs, and energy-performance indi-
cators, transforming them into reliability-related features
for downstream analysis.

2. Learning Layer (Federated Adaptation): con-
ducts distributed model training and cross-domain recal-
ibration across multiple nodes while preserving local data
privacy.

3. Decision Layer (Reinforcement Optimization):
determines optimal actions—including fine-tuning, ag-
gregation, and retraining—based on dynamic feedback
from the learning process.

These layers form a closed feedback loop. Each it-
eration updates reliability models, recalibrates trust
weights, and refines decision policies, enabling the
SEQA system to evolve autonomously toward higher re-
liability and improved energy-performance balance.

3.2. Formal Definition

The proposed SEQA framework models the qual-
ity-assurance (QA) process of intelligent energy manage-
ment software as a sequential decision-making problem
driven by reinforcement learning [21]. At each time step
t, a federated energy-management node iobserves its lo-
cal environment and maintains a compact quality-state
vector that integrates energy efficiency, reliability, data

drift, and calibration confidence, as defined in Eq. (1):

59 = [0, R9,00, 0 o

t

where, Ef)quantifies the node’s energy-efficiency level,
R?)measures reliability, DEi)represents data drift magni-

tude, and CE‘) indicates calibration confidence derived
from predictive uncertainty. This formulation enables the
agent to jointly model energy, reliability, and adaptability
within a unified optimization framework.

Each node behaves as a reinforcement-learning
(RL) agent, selecting one of five adaptive actions a?) €
{ay,a;,a5,a3,a,}, corresponding to no update, local fine-
tuning, automatic repair, federated aggregation, and full
retraining, respectively.

To achieve balanced adaptation, the immediate re-

ward rt(i) is defined in Eq. (2) as a weighted trade-off
among reliability gain, calibration cost, and energy con-
sumption:

r® = ar® — g — Y}, @)

where AR?) =Ry — R?_)l ,and o, B,y > 0 are balanc-
ing coefficients that control the contribution of each com-
ponent.

The optimization objective, shown in Eq. (3),
seeks to maximize the expected long-term cumulative re-
ward under policy T

max E[ZL, 8%, (3)

where 6 € (0,1] is the discount factor regulating the tem-
poral trade-off between short-term calibration and long-
term robustness.

Together, Egs. (1) — (3) establish the mathematical
foundation for the self-adaptive behavior of SEQA
agents.

3.3. Integrated Quality Metric

To provide a unified evaluation of quality assurance
performance, this study introduces a composite metric
termed the SEQA Quality Index (SQI).

Unlike conventional approaches that rely on iso-
lated indicators, the SQI integrates multiple quality di-
mensions, including reliability, calibration accuracy, pre-
dictive error, learning efficiency, and adaptation cost.

Formally, the SQI is defined as:

SQ|:W1 ‘R_Wz 'ECE_W3 :
-MAE+w, ‘Zr—ws -C

where R denotes reliability, ECE represents Expected
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Calibration Error, MAE indicates prediction error, Xr
corresponds to cumulative reinforcement reward, and C
denotes the normalized adaptation cost, reflecting the
combined computational overhead and energy consump-
tion associated with system updates and adaptive opera-
tions.

All components are normalized to ensure compara-
bility across different scales and to enable a consistent
unified evaluation.This unified metric serves as the core
decision criterion for evaluating and guiding QA optimi-
zation within the SEQA framework.

This integrated formulation enables a holistic and
balanced assessment of QA performance, aligning with
the objectives of self-evolving quality assurance in dy-
namic and heterogeneous environments.

The weighting coefficients (w; —ws ) can be ad-
justed depending on application requirements and are set
empirically in this study to balance performance and ef-
ficiency.

3.4. Federated Evolution
and Policy Aggregation

After every K iterations, all local models are aggre-
gated through a federated evolution process, which inte-
grates distributed updates into a global policy while
maintaining data privacy [5,22]. The global aggregation
rule is defined in Eq. (4):

1 .
leobal = (ﬁ) ?1:1 Q' + enue 4)

where N is the number of participating nodes, and
€qut INtroduces controlled stochastic perturbation to en-
courage diversity and prevent model convergence stag-
nation. Each node independently optimizes its local Q-
function QW (s,, a,)through iterative Q-learning.

The local update step, defined in Eq. (5), refines the
agent’s quality-policy model by incorporating both im-
mediate feedback and future reliability expectations:

Qs (sea) = Ucsoa T
+n [I‘t + 4 max Qt(St+1-a') — Qt(St,at):I’ (5)

where 1 is the learning rate controlling the adaptation
speed.

This iterative update allows each node to progres-
sively improve its quality assessment strategy through
continuous interaction with its local environment. The
combined operations of Egs. (4) and (5) realize federated
policy co-evolution, ensuring cross-domain adaptability
and robustness across heterogeneous energy environ-
ments.

3.5. Trust Calibration
and Continuous Adaptation

To maintain reliability and consistency during
model deployment, SEQA employs a trust-calibration
mechanism that aligns predictive confidence with empir-
ical accuracy.

The calibration error is quantified using the Ex-
pected Calibration Error (ECE), formulated in Eq. (6):

ECE = XM_, (%) lacc(B,,) — conf(B,)|, (6)

where B,,, represents the m-th prediction bin, acc(B,,) is
the empirical accuracy of that bin, and conf(B,,) is the
average model confidence [13].

Minimizing Eq. (6) enables SEQA to maintain self-
evolving reliability calibration and sustain predictive
trustworthiness even under dynamic, cross-domain data
conditions.

3.6. Workflow and Implementation

The operational workflow of SEQA-IEMS is illus-
trated in Fig. 2.

Incoming energy data streams are continuously

monitored to detect anomalies and assess quality indica-
tors such as ECE, RMSE, and drift metrics.
The continual learning layer recalibrates prediction mod-
els using past knowledge, while the reinforcement-learn-
ing agent dynamically selects adaptation actions (fine-
tuning, repair, or aggregation).

Finally, the evolution layer synchronizes optimized
policies across all nodes through federated updates,
achieving continuous improvement of software quality.

DATA STREAMS

.

MONITORING LAYER
QUALITY METRICS (ECE, RMSE, DRIFT

.

LEARNING LAYER
,,’ CONTINUAL LEARNING + MODEL CALIBRATION

.

DECISION LAYER

(RLAGENT) « SELECT
ADAPTATION / REPAIR / AGGREATE

v

EVOLUTION LAYER

(FEDERETED AGGEREATION) «
* AGGREATE POLICIES - UPDATE GLOBAL MODEL

FEEDEACK TO NODES

Fig. 2. Workflow of the SEQA-IEMS process
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The workflow demonstrates the closed feedback
loop from data monitoring to federated evolution, ensur-
ing sustainable and self-improving QA performance.

4. Experimental Results and Discussion

This section presents the experimental evaluation of
the proposed Self-Evolving Quality Assurance (SEQA)
framework within the context of Al-based intelligent en-
ergy management software (IEMS). The experiments are
designed to validate SEQA’s reliability, calibration accu-
racy, energy efficiency, and cross-domain adaptability
against established QA baselines.

4.1. Experimental Objectives

Building upon the methodology presented in Sec-
tion 3, this study aims to verify the SEQA framework
through three hypotheses empirically:

- HZ1: SEQA achieves higher reliability and lower
calibration error than baseline quality assurance (QA)
systems;

- H2: The self-evolving mechanism maintains ro-
bustness under dynamic and cross-domain energy data
distributions;

- H3: Federated evolutionary learning enhances
global consistency while preserving local data privacy.

These hypotheses correspond to the federated learn-
ing, trust calibration, and reinforcement-learning compo-
nents of SEQA. The evaluation demonstrates how these
mechanisms interact to form a closed-loop, continuously
improving QA system for intelligent energy applications.

4.2. Experimental Environment
and Datasets

All experiments were conducted on a workstation
equipped with an Intel Core i7-12700 CPU (8 cores, 16
threads), 32 GB RAM, and an NVIDIA RTX 4060 GPU
under Ubuntu 22.04 LTS. The software environment in-
cluded Python 3.10, PyTorch 2.2, TensorFlow Federated
0.21, and River 0.17 for online learning.

A federated topology with three distributed IEMS
nodes and a central aggregator was simulated, where
each node received distinct energy datasets from NASA,
UCI, and OPSD [23].

4.3. Evaluation Metrics

Five quantitative metrics were used to assess perfor-
mance (Table 1):

These metrics together capture the trade-off be-
tween quality, accuracy, calibration stability, and energy
cost.

Table 1
Evaluation Metrics for SEQA-IEMS
Performance Assessment
Metric Definition Purpose
Reliability Ratio of correct predic- | QA effec-
(R) tions over total predic- | tiveness
tions
Expected Weighted average devia- | Calibration
Calibration | tion between predicted | quality
Error (ECE) | confidence and accuracy
Mean Abso- | Average deviation be- | Predictive
lute Error tween predicted and ob- | accuracy
(MAE) served QA scores
Cumulative | Total reward accumulated | Learning
Reward (Zr) | by RL agent efficiency
Adaptation | o matized computa- Opera-
Cost (C) . . tional effi-
tional cost per adaptation .
ciency

In addition, the proposed SEQA Quality Index (SQI)
is employed as an aggregated evaluation indicator to
jointly assess reliability, calibration accuracy, efficiency,
and adaptation performance, enabling a unified compari-
son across different QA methods. This approach is con-
sistent with recent review studies that map multiple met-
rics to higher-level quality characteristics in Al sys-
tems [24].

4.4. Baseline Methods

Each federated node operates an autonomous QA
agent monitoring local energy sub- systems (e.g., HVAC,
micro-grid, or software module). Nodes train locally and
periodically synchronize updates via a secure federated
aggregation process.

Each configuration given in Table 2 follows best
practices for online reinforcement learning (Fig. 3).

Table 2
Parameter Configuration
for SEQA-IEMS Experiments
Sym- .
bol Description Value
n Learning rate 0.05
Y RL discount factor 0.9
o B2 Reward weights (reliability, | (1.0, 0.5,
T cost, stability) 0.3)
K Federated aggregation inter- | 10 epi-
val sodes
g Exploration rate 0.1
N Number of nodes 3
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Fig. 3. SEQA-IEMS Experimental Architecture

This workflow (Fig. 4) illustrates continuous data
acquisition, local adaptation, global aggregation, and
self-evolution cycles.

s N

Initialize SEQA-IEMS model

- J

Collect operational data

I

Compute reliability & ECE

'

Update policy dynamicaly

. J

'

- ~
Asess model performance
L J

Fig. 4. Workflow of SEQA-IEMS Evaluation Process
4.5. Experimental Results

4.5.1. Baseline Comparison

The comparison of SEQA-IEMS with Baseline
Quality Assurance Methods (Table 3) illustrates that

SEQA consistently achieves the best reliability and low-
est calibration error.

The plot (Fig. 5) shows that SEQA converges faster
and achieves smoother calibration stability compared
with Fed-QA and AQA.

4.6. Discussion

Overall, the experimental results demonstrate that
SEQA consistently improves software quality assurance
performance across heterogeneous energy management
scenarios, achieving reliability gains of approximately 7—
15% while reducing calibration error to as low as 0.024.
These improvements are primarily attributed to the syn-
ergistic integration of reinforcement-learning-based local
adaptation, federated policy aggregation, and continual
self-evolution mechanisms, which jointly enable robust
and energy-aware quality optimization. Furthermore,
cross-domain evaluations confirm stable generalization
capability, with F1-scores exceeding 0.86 and reliability
remaining above 0.91 under diverse operational condi-
tions.

From this perspective, the proposed SEQA frame-
work does not aim only to improve reliability in a narrow
predictive sense, but to enhance the broader trustworthi-
ness of Al-driven quality assurance under dynamic oper-
ational conditions.

These results show that reliability and calibration
should not be interpreted in isolation, but as complemen-
tary dimensions contributing to the overall trustworthi-
ness of the SEQA framework.

4.7. Ablation Study

To assess the relative impact of each SEQA compo-
nent, four variants were tested by removing one module
at a time. The experimental settings followed those de-
scribed in Section 3.5 of the methodology.

Disabling Federated Evolution or Continual
Memory reduces reliability by 3-6%, confirming their ne-
cessity. To evaluate the contribution of individual com-
ponents in SEQA, an ablation study was conducted by
progressively removing reinforcement learning, feder-
ated evolution, and continual replay mechanisms.

Table 3
Comparison of SEQA-IEMS with Baseline
Quality Assurance Methods

Method Reliability (1)|  ECE (|) MAE () %‘:w:rlgtz‘g Adcigitl')o :
Static QA 0.81 0.045 0.092 — 0.12
Fed-QA 0.87 0.039 0.083 +128 0.10
AQA (Adaptive) 0.90 0.031 0.076 +245 0.09
SEQA (Pro-
posed) 0.94+0.01 0.024 +£0.003 | 0.069 +0.005 +412 £21 0.08 +£0.01
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Fig. 5. Evolution of reliability and calibration error
within the trustworthiness-oriented evaluation framework

As shown in Table 4, disabling any of these compo-
nents leads to noticeable degradation in reliability and
calibration performance, confirming that each module
plays a critical role in enabling robust and self-evolving
quality assurance.

The boxplot (Fig. 6) illustrates lower variance and a
higher median for SEQA, indicating stable performance.

Table 5
Paired t-Test Results: Comparing SEQA
and Baseline Models

AQA vs Fed-QA | Static QA

Metric SEQA vs SEQA | vs SEQA
(p-value) (p-value) (p-value)
Reliability 0.012 0.008 <0.001
ECE 0.019 0.011 <0.001
Reward 0.021 0.009 <0.001

Table 4
Ablation Results of SEQA Components
Vari- | Removed | Reliabil- | ECE wz\?:d
ant Module ity (1) ) ™
Al No RL 0.88 + 0.039+ | +184 +
Policy 0.01 0.004 15
U A dFE‘\j/zr 090+ | 0.033% | +226+
. 0.01 0.003 19
lution
No Con-
A3 tinual Re- | 0.91 + 0.030+ | +276
play 0.01 0.003 18
Memory
Full o 0.94 + 0.024+ | +412 +
SEQA 0.01 0.002 21

4.8. Statistical Significance Test

A paired t-test (o= 0.05) confirms that the improve-
ments achieved by SEQA over baseline methods are sta-
tistically significant. A paired t-test (a = 0.05) was used
to verify whether SEQA’s improvements were statisti-
cally significant.

Each metric was measured across five independent
runs per method.

The given paired t-test results show (Table 5) that
at all p < 0.05 SEQA outperforms other baseline models
with 95 % confidence.

4.9. Visualization of Convergence
and Calibration

Training stability and calibration curves were ana-
lyzed across 100 episodes to observe dynamic adaptation.
SEQA achieved stable reliability after ~ 48 episodes,
while AQA and Fed-QA converged at 65 and 80 epi-
sodes, respectively.

Calibration plots (Fig. 7) show narrower confi-
dence bands for SEQA.

This analysis demonstrates that RL policy and Feder-
ated Evolution jointly accelerate convergence and re-

duce ECE.

4.10. Reproducibility Statement

To ensure reproducibility, all experimental settings
and evaluation procedures are clearly described in this
paper. The experimental scripts and configurations will
be made publicly available upon acceptance.
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4.11. Energy Efficiency Evaluation

Energy consumption and throughput were meas-
ured for each QA model to evaluate eco-efficiency (Ta-
ble 6).

As the experimental results illustrate (Fig. 8), that
SEQA achieves = 12% lower power use and 7% higher
throughput, showing superior energy-aware learning.

4.12. Explainability and Decision Analysis

The reinforcement agent’s actions were logged to
understand how SEQA makes adaptive decisions (Ta-
ble 7).

Frequency and performance impact show that the
agent prefers energy-efficient adjustments.

The Fig. 9 illustrates that Fine-tune and Aggregate

actions dominate in steady states, reflecting self-evolu-
tion efficiency. To evaluate the robustness of SEQA un-
der diverse operating environments, we performed cross-
domain validation using datasets from UCI Energy,
NASA MDP, and PROMISE defect prediction corpora.
Each dataset represents distinct operational conditions,
ranging from software code defect logs to physical en-
ergy readings, allowing an unbiased assessment of model
generalizability.

The Cross-Domain Adaptation implementation re-
sults show (Table 8) that SEQA achieves an average 6%
F1 improvement over Fed-QA and maintainsreliabil-
ity>0.91 across all domain pairs, confirming its robust-
ness under heterogeneous data distributions (Fig. 10).

Each bar in Fig. 10 represents the F1-score for dif-
ferent source-target domain pairs. Red markers denote re-
liability (R), illustrating consistent cross-domain gener-
alization.
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Table 6
Energy—Performance Trade-off Comparison
Method Energy (Wh) Throughput (reqg/s) Efficiency (req/Wh)
Static QA 42,5 310 7.29
Fed-QA 39.2 348 8.87
AQA 37.6 372 9.89
SEQA 33.1 398 12.02
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Fig. 8. Energy—Performance Trade-off Curve of SEQA and Baselines
Table 7
Action Distribution and Reliability Impact of the SEQA RL Agent
Action Description Frequency (%) A Reliability
Fine-tune Incremental parameter update 42.3 +0.015
Repair Patch incorrect modules 23.4 +0.010
Aggregate Federated update step 19.8 +0.008
Retrain Full reinitialization 145 +0.012
50+ .
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Fig. 9. RL Action Distribution and Decision Impact
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Cross-Domain Adaptation Results for SEQA-IEMS

Table 8

Domain Pair

Source — Target

F1-score AF1 vs. Fed-QA

Reliability (R)

NASA — PROMISE

0.84 — 0.89

+0.05 0.93

0.93

UCI — OPSD

0.82 —0.88

+0.06 0.92

0.92

OPSD — UCI

0.80 — 0.86

+0.06 0.91

0.91

0.951
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0.93f
0.92f
0.91f
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Fig. 10. Robustness and Cross-Domain Adaptability of SEQA Framework

Interpretation: The SEQ’s federated evolutionary
mechanism enables transfer of policy gradients rather
than raw parameters, thus preserving local feature invar-
iants while adapting to domain-specific distributions.

Compared to conventional domain-adversarial
models (Ganin & Lempitsky, 2015) and transfer compo-
nent analysis (Pan & Yang, 2010), SEQA shows 5-8%
higher performance stability and 0.02-0.03 lower cali-
bration error across unseen domains [25, 19].

4.13. Efficiency
and Computational Overhead

The computational footprint of SEQA was meas-
ured in terms of average training time per round, commu-
nication overhead, and energy consumption (Table 9).

Although SEQA introduces additional self-evolu-
tion logic, its optimized federated synchronization re-
duces total communication cost by=~24% compared to
Fed-QA (Fig. 11).

Blue bars in Fig. 11 represent communication over-
head; red lines represent total energy cost (Wh). SEQA
shows the best trade-off between learning efficiency and
system cost.

Findings: SEQA demonstrates a balanced design
between performance and resource utilization. By incor-
porating an adaptive aggregation interval (K=10) and
policy pruning, the model minimizes redundancy during
synchronization while maintaining near-linear scalability
on 3-5 federated nodes. These efficiency gains validate
the feasibility of deploying SEQA in distribute energy
management environments such as smart grids or indus-
trial 10T clusters.

Table 9
Computational Efficiency Comparison among QA Frameworks
Training Time/ I
Model Round (s) Communication Overhead (MB) Energy Cost (Wh)
Fed-QA 12.8 9.3 38.2
AQA 10.4 6.9 35.6
SEQA 11.2 7.1 33.1
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5. Final Discussion and Implications

5.1. Domain-Specific Characteristics
and Scientific Novelty of Intelligent Energy
Management Software

Intelligent Energy Management Software (IEMS)
exhibits domain constraints that distinguish it from ge-
neric Al-driven systems. First, QA decisions in IEMS are
strongly coupled with physical energy consumption and
operational efficiency [8], making energy—performance
trade-offs unavoidable.

At the same time, IEMS is typically deployed in
long-lifecycle, safety-critical infrastructures, where sus-
tained reliability and calibrated trust are required beyond
short-term predictive accuracy.

Moreover, IEMS is inherently heterogeneous and
distributed across sites and devices, limiting centralized
data collection due to privacy, latency, and regulatory
constraints. Finally, its operating environment is non-sta-
tionary—demand fluctuation, renewable penetration,
equipment aging, and policy changes induce continual
data drift and cross-domain variability [3].

These characteristics require QA mechanisms that
are adaptive, energy-aware, distributed, and capable of
maintaining calibrated reliability over extended horizons,
which static QA and single-domain adaptive models can-
not fully achieve. SEQA addresses these requirements
through a domain-driven integration of reinforcement
learning, federated learning, and calibration-aware adap-
tation. RL is defined over QA actions to select strategies
under runtime quality degradation and energy—perfor-
mance trade-offs; federated learning enables privacy-pre-
serving collaboration across distributed energy subsys-
tems; and calibration-aware objectives support reliable,
auditable decisions in regulated infrastructures. This

domain-aligned design differentiates SEQA from generic
self-adaptive QA frameworks and forms the core scien-
tific novelty of this work, providing a basis for the com-
parative analysis in Section 5.2 [8, 10].

5.2. Comparative Discussion
with Existing Studies

Compared with traditional QA approaches that rely
on static validation or single-domain adaptation, SEQA
provides a unified self-evolving framework capable of
coordinated quality optimization across distributed envi-
ronments [5, 22].

By integrating federated calibration and continual
learning, the proposed framework improves robustness
and calibration accuracy under dynamic operational con-
ditions [7, 26].

In contrast to prior methods, SEQA explicitly ad-
dresses key limitations related to scalability and adapta-
bility in heterogeneous energy systems [27].

5.3. Industrial
and Practical Implications

The demonstrated performance advancements of the
SEQA framework hold significant industrial relevance
for intelligent energy management applications. Its un-
derlying federated architecture enables secure, collabora-
tive quality assurance across geographically and admin-
istratively distributed energy subsystems—such as those
comprising smart grids, microgrid clusters, or industrial
loT deployments—without compromising data sover-
eignty. This facilitates holistic optimization of software
reliability and energy efficiency across the network, lead-
ing to measurable reductions in operational expenditure
and energy waste.
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Furthermore, the inherent cross-domain adaptability
of SEQA offers considerable practical advantages for
scalable deployment. Energy service providers and grid
operators can implement a unified SEQA instance across
heterogeneous operational environments—characterized
by varying asset types, data modalities, or load profiles—
with minimal site-specific adaptation. This capability
substantially reduces the lifecycle costs associated with
model retraining, maintenance, and system integration,
thereby enhancing the economic viability of large-scale,
intelligent energy management initiatives.

Finally, the framework’s incorporation of explaina-
ble decision-making mechanisms directly addresses crit-
ical requirements for operational transparency and regu-
latory compliance within modern energy infrastructures.
This feature enhances auditability and fosters stakeholder
trust, positioning SEQA as a suitable candidate for de-
ployment in regulated, safety-critical, and sustainability-
oriented energy ecosystems where verifiable and ac-
countable software behavior is mandatory [23, 27].

5.4. Limitations and Challenges

While the SEQA framework demonstrates signifi-
cant efficacy, several limitations warrant acknowledge-
ment and further investigation. Primarily, the scope of the
current empirical validation is confined to energy-related
software domains; consequently, the framework's gener-
alizability to more heterogeneous and structurally distinct
systems, such as industrial manufacturing control or
large-scale consumer 10T ecosystems, remains an open
empirical question.

Furthermore, although the federated coordination
mechanism reduces raw data transmission, practical de-
ployment in resource-constrained or intermittently con-
nected edge environments may still be challenged by syn-
chronization latency and network instability, which could
affect real-time quality assurance responsiveness.

A third limitation pertains to the energy efficiency
analysis, which operates at a system-model level and
does not fully account for hardware-specific power pro-
files across diverse edge devices and cloud platforms. A
more granular, hardware-in-the-loop evaluation is neces-
sary to accurately characterize total energy impact.

Lastly, while reinforcement learning enables adap-
tive policy optimization, the inherent opacity of such pol-
icies complicates transparency and auditability. Enhanc-
ing the interpretability of these automated decision-mak-
ing processes remains a critical research challenge for de-
ploying SEQA in highly regulated industrial energy set-
tings where operational decisions must be traceable and
justifiable

5.5. Future Research Directions

Future research will focus on enhancing the inter-
pretability of self-evolving QA agents, extending cross-
domain adaptation to more heterogeneous and non-en-
ergy software systems, and improving the scalability of
federated coordination under resource-constrained envi-
ronments. In addition, investigating long-term evolution
mechanisms for handling concept drift and sustaining
performance over extended operational lifecycles re-
mains an important direction for future work.

6. Conclusions

This study introduced the Self-Evolving Quality
Assurance (SEQA) framework for Al-based intelligent
energy management software by integrating reinforce-
ment learning, federated aggregation, and continual QA
recalibration. The conclusions are structured in accord-
ance with the research tasks set forth in the introduction.

1. Regarding the first research task—to design a
unified QA architecture that integrates reinforcement
learning for adaptive control and federated learning for
distributed, privacy-preserving calibration—the devel-
oped SEQA framework provides a cohesive and func-
tional architecture. The framework successfully lever-
ages reinforcement learning to autonomously optimize
QA strategies in response to dynamic operational feed-
back, while the federated aggregation mechanism ena-
bles collaborative model improvement across distributed
nodes without centralizing sensitive data. The architec-
tural integration itself represents a key theoretical contri-
bution, creating a viable foundation for autonomous qual-
ity evolution in software systems.

2. Concerning the second research task—to de-
velop a robust cross-domain adaptation mechanism—the
implemented mechanism has been validated through
cross-domain evaluations, confirming robust generaliza-
tion capability. The experiments demonstrate stable per-
formance across heterogeneous operational settings, with
reliability (R) maintained above 0.91 and F1-scores at or
above 0.86. This outcome confirms that the mechanism
effectively ensures consistent, energy-aware perfor-
mance and maintains calibration trustworthiness across
diverse domains and shifting data distributions, address-
ing a core limitation of static and single-domain models.

3. Pertaining to the third research task—to empiri-
cally validate the proposed SEQA framework and bench-
mark its performance—the extensive experiments on the
NASA MDP, UCI, and OPSD datasets provide clear
quantitative results. The framework consistently im-
proves reliability (up to 0.94), enhances calibration accu-
racy (achieving an Expected Calibration Error of 0.024 +
0.003), and reduces energy consumption by approxi-
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mately 13% compared to baseline models. These empir-
ical results substantiate the practical efficacy and superi-
ority of the SEQA approach.

Prospects for further research stem directly from
the scope and outcomes of this work. Future efforts
should focus on: enhancing the interpretability and au-
ditability of the reinforcement-learning-driven policy de-
cisions to facilitate deployment in highly regulated indus-
trial settings; extending the validation of the cross-do-
main adaptation mechanism to more heterogeneous and
non-energy software systems, such as industrial manu-
facturing or consumer loT environments [17]; and im-
proving the scalability and resilience of the federated co-
ordination layer under conditions of severe resource con-
straints or intermittent network connectivity. Further in-
vestigation into long-term evolution mechanisms for sus-
tained performance over extended operational lifecycles,
particularly for handling gradual concept drift, remains a
crucial direction
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KOHIENTYAJIBHI 3ACA/IM CUCTEM CAMOBJIOCKOHAJIIOBAHOI'O 3ABE3IIEYEHHA AKOCTI
JJIs1 TPOTPAMHOI'O 3ABE3IIEYEHHSA IHTEJIEKTYAJIBHOI'O YIIPABJIIHHSA
EHEPI'ETUKOIO HA OCHOBI 11

A. A. Bepnanws, Banz Kuxaii

IIpeameTom BHBYEHHSI B CTATTi € IPOIIECH MPOEKTYBAHHS Ta BaJIiIallii CAaMOBJJOCKOHAIIIOBAHOI cHCTeMH 3a0e3-
niedeHHs sikocTi (SEQA) anst iHTeneKTyanbpHOro porpaMHoro 3ade3nedeHHs yrnpasiinas eHepriero (IEMS) Ha ocHoBi
LITYYHOTO iHTENEKTy. MeTolo cTaTTi € po3poOka MacmTaboBaHOi Ta ajantuBHOI cucremu SEQA, mio 3abesneuye
OesrepepBHY ONTUMI3allif0 Ta HaAIHHICTh (DYHKIIOHYBaHHS B JUHAMIYHHX, T€TEPOTCHHHX OIEPaIlifHUX CepemIoBH-
max. 3aBganns: GopmanizyBatu yHibiKOBaHY apXiTeKTypy 3a0e3IeueHHs SIKOCTi, 1110 iIHTerpye HaBYaHHS 3 MiAKPiI-
JICHHSIM JUTS QalITUBHOTO KEpYBaHHS Ta (peiepaTHBHE HABYAHHS JUIsl PO3MOIUIEHOTr0 KalliOpyBaHHs; pO3pOOHTH Ha-
JIMHUNA MeXaHi3M KpOC-IIOMEHHOI afmanTallii, mo 3a0e3rneuye eHeproeeKTHBHE KaaiOpyBaHHS NOBIpH; EMITIPHIHO
MATBEPANTH ePEKTUBHICTh 3alPOIIOHOBAHOI CHCTEMH TOPIBHIHO 3 0a30BUMH MOJIETISIMU Ha KUIBKOX peajbHUX eHe-
preTHYHuX Habopax AaHuX. BHKOPHCTOBYIOTHCS TaKi MeTOAM: HaBYaHHS 3 MIAKPIIUICHHIM JUIsl ONTHMI3allil Ha Oc-
HOBI MOJIITHK, (pefiepaTHBHE HABYAHHS TS arperarii MojeneH i3 30epekeHHsIM KOH(IISHIIITHOCTI, METOI! Kamiopy-
BaHHS JIOBIpY JJIs1 OI[iHFOBaHHS HAJIMHOCTI Ta €KCIICpUMEHTabHe TecTyBaHHsA Ha HaOopax manux NASA, UCI Ta
OPSD. OTpumani pe3yabTaTn CTaTTi: 3anpornoHoBana cucremMa SEQA ycrilHo iHTerpye JOKaIbHY aJanTaiiio Ha
OCHOBI HaBYaHHS 3 MIKPITJICHHSIM 13 (h)eIepaTUBHOIO arperami€ro MmojiThK, 10CiIratouu 0e31epepBHOTO CaMOBJIOCKO-
HaJICHHS TTOKa3HHKIB SIKOCTI B T€TEPOreHHUX CIEHAPIsIX YIPaBIiHHSI €HEPriclo; MeXaHi3M KpPOCc-JOMEHHOI ajanTaiii
3a0e3Meuye HaJIMHY 3JaTHICTh 0 y3araJibHeHHs 3 mokasHukamu F1 monan 0.86 Ta HaxivHicTio Bumie 0.91 y pizHO-
MaHITHHUX ONepaliifHuX yMOBaXx; eKCliepUMEHTaIbHa Bajliiallis AeMOHCTpYye cTaliibHe MiABUIIEHHS HaiifHOCTI (TI0-
ka3Huk F1 3pocrae Ha 6—8%), ToUHOCTI KaniOpyBaHHs (OUiKyBaHa MOMMIIKA KaniOpyBaHHS 3MeHIyeThes 10 0.024)
Ta eHeproedexkTuBHOCTI (10 13%) MOPIBHAHO 3 6a30BUMHU MOIEISIMH 3a0€3IICUCHHS SIKOCTI; cUcTeMa 30epirae cTai-
JIbHY IPOJYKTHBHICTb 32 YMOB JJMHAMIYHHUX PO3MO/ILTIB JaHHUX, IPH [[bOMY aOJIsILiHHI JOCIIHKEHHS I JTBEP/KYIOTh,
10 KO)KEH KOMIOHEHT — HaBYaHHsI 3 MiJIKPIIUIEHHAM, (e/lepaTHBHA €BOIIOLIIS Ta Oe3repepBHE BiATBOPEHHS — Bi-
JIrpae KpUTHYHY POJib Y 3a0e3neyeHH] HaiiiHOro CaMOBJOCKOHAJIIOBAHOTO KOHTPOJIO sikocTi. BucHoBkH. HaykoBa
HOBHM3HA OTPUMAaHUX PE3yJbTATIB MONSTAE B HACTYMHOMY: 1) 3anponoHoBaHa cuctemMa SEQA BripoBapkye yHidiko-
BaHy a/IAlITUBHY MapaJiiTMy, sIKa CHHEPTeTUYHO MOEHYE HABYAHHS 3 MIAKPIIUICHHAM, (eiepaTUBHE KaliOpyBaHHS
Ta Kpoc-AOMEHHY aJianTallito, 3a0e3neuyrour aBTOHOMHY Oe3nepepBHy eBotolito sikocti B IEMS; 2) po3pobiennii
MeXaHi3M Kpoc-JIOMEHHOI ajanTaiii Jocsrae HaliliHOro y3arajbHEHHsl Ta eHeproe()eKTUBHOrO OallaHCYBaHHS MPO-
JYKTHBHOCTI, YCYBAlO4M KIFOUOBI OOMEXKEHHS CTaTHYHUX Ta OJAHOAOMEHHHX IIJXO/IB JI0 3a0e3NeUeHHs IKOCTi; 3)
MaciTabHa eKCliepUMEeHTaIbHaA Balijallis AEMOHCTPYE CTa0lIbHe IMiABUIIECHHS HaIIHHOCTI, TOYHOCTI KajliOpyBaHHs
Ta eHeproe)eKTUBHOCTI, IiATBEP/PKYIOUN PAKTHYHY 3aCTOCOBHICTH CUCTEMH ISl IOBTOCTPOKOBOT'O IIPOMHUCIIOBOTO
BIIPOBAJKEHHS; 4) IHTErpallisi MEXaHi3MiB aJJaliTHBHUX 1HTEPBaJIB arperaiii Ta CKOpOueHHs MOJIITHK MiHIMI3ye HaJl-
JIMIIKOBICTB TiJl 4aC CHHXPOHI3allil, 30epirarouu Maiike JiHiHHY MacIITa0OBaHICTh Ha PO3MOALTICHUX (eepaTUBHUX
BY3J1aX, IO MiATBEPIXKYE JOLIIbHICTh PO3TOPTAHHS CUCTEMH B peajbHUX CEPEIOBHIIAX IHTEIEKTYaIbHUX MEPEK Ta
IIPOMHUCIIOBOrO IHTEpHETY peueit.

Kunro4oBi ciioBa: mrydHuii iHTENEKT; nporpaMHe 3a0e3NedeH s A1 YIIPaBIiHHA SHePreTHKO0; CaMOBIOCKO-
HAJIIOBaHA TapaHTis SKOCTi; (heilepaTUBHE HABUAHHS; HABYAHHS 3 MIIKPIIUICHHSAM; HAIHHICTh; KaliOpyBaHHS.
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