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Abstract - The growing independence of Al-controlled 10T smart-home solutions requires conflict management systems that
ensure long-term environmental safety and energy-saving, as well as user-friendly comfort. The current deep learning-based
correction models experience hidden context reversal, where corrective actions are overly applied or fluctuate, causing
unstable comfort levels and unwarranted power consumption. To solve this, a novel Autonomous Smart-Home Device
Conflict Resolution and Correction System (ASH-DCRC) is suggested. The system constantly processes the logs of devices
and sensor streams through a Causal-Action Graph Transformer (CAGT) to yield causal action graphs and foresee conflict
pathways. These conceptualized actions are verified within a Digital Twin simulator to confirm safety and environmental
impact and then implemented into reality. The action decisions are then optimized by two sequential DNN layers: the Trust-
Embedded Adaptive Policy Selector (TAPS) to select an action based on its reliability, and the Temporal Equilibrium
Stabilizer (TES) to select an action based on stability without oscillation. Lastly, Digital Twin-guided Neuro-Symbolic
Reinforcement Learning applies to the continuous enhancement in a secure manner by exploring and adapting over the long
run. The experimental results prove that ASH-DCRC is much better than the chosen baseline and literature models with
98.8% accuracy, 0.82 s conflict-resolution latency, and 18.7% energy-efficiency gain. These findings confirm that the ASH-
DCRC is a stable, energy-aware, and comfort-preserving conflict-resolution solution to next-generation smart-home
intelligence.

Keywords - Smart Home Automation, lot Device Interaction, lot Device Conflict Resolution, Neuro-Symbolic And Causal
Learning, Deep Neural Networks.

1. Introduction

The fast progress in Artificial Intelligence (Al) based
Internet of Things (1oT) systems has turned current smart
home technology into fully automated systems that maintain
user comfort and security while managing energy use with
no need for human control [1, 2]. The systems create
intelligent control by continuously monitoring their
surroundings, learning user behavior, and managing their
various connected devices, which include HVAC systems
and lighting, security sensors, and smart appliances [3-5].
Smart-home systems require intelligent solutions that
exceed basic event responses because the number and
diversity of devices in use continue to expand. The system
needs to achieve a complete understanding of its
environment, which enables it to create forecasts based on
its current state and third-party device usage patterns. The
growing independence of systems creates a major problem
because it results in conflicts between devices that depend

OSOE)

on each other and operate at the same time in the same
space [7]. The simultaneous operation of heating and
cooling systems creates environmental inconsistencies that
decrease user comfort and cause extra energy waste. The
next generation of smart-home systems needs devices to
work together in a coordinated manner, which serves as
their basic requirement.

Existing smart-home conflict resolution approaches use
three main methods, which include rule-based systems and
event-response mappings, and data-driven deep learning
models that use historical system behavior for training [8—
11]. The methods can identify basic inconsistencies, but
they have important drawbacks. Rule-based systems cannot
grow with system demands because they restrict their ability
to adapt, while deep learning models use a black-box
approach, which prevents them from understanding how
devices interact with each other over time [12-14].
Organizations lack the ability to implement effective
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solutions because they choose to create short-term solutions,
which only react to immediate problems, without
understanding how various devices will be impacted now
and in the future. [15].

A critical issue observed in these systems is the
phenomenon of hidden context reversal, which causes
corrective actions to create new conflicts while they attempt
to solve existing conflicts. The system experiences
oscillatory behavior, which includes HVAC systems that
repeatedly switch on and off, together with lighting systems
that produce flickering effects. The system produces these
effects, which decrease user comfort while increasing
energy consumption, according to research studies 16 to 18.
Current approaches to the problem encounter limitations
because they lack multi-objective optimization mechanisms,
which prevent effective management of conflicting demands
for comfort, energy efficiency, and safety during
unpredictable situations, according to research findings 19.

1.1. Research Gap

Despite recent advancements, several key gaps remain
unaddressed in existing smart-home conflict resolution
frameworks:
Absence of causal reasoning: Most approaches rely on
correlation-based learning and fail to model cause—and—
effect relationships between device actions and
environmental responses [1-3].
Existing systems lack validation through Digital Twin
and simulation-based methods, which results in unsafe
and inefficient corrections in real-world environments
[5-8].
No stability-aware decision mechanisms: Current
models cannot prevent oscillatory corrective actions or
ensure long-term environmental equilibrium [11, 15,
18, 21].
Limited trust and uncertainty modeling: Deep learning-
based controllers fail to produce trustworthy decisions
because they do not consider uncertainty [22-24].
Lack of integrated neuro-symbolic learning: There is
minimal use of symbolic constraints combined with
learning-based methods for interpretable and safe
decision-making [12, 17, 20].

1.2. Problem Statement

To address these limitations, there is a need for a
unified, intelligent framework capable of:
Understanding  causal  interdependencies
heterogeneous 10T devices

Predicting long-term consequences of corrective actions
before deployment

Ensuring stable, non-oscillatory system behavior
Balancing comfort, energy efficiency, and safety
Supporting continuous adaptation through safe and
interpretable learning mechanisms

. among
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1.3. Proposed Solution Overview

The researchers introduced the Autonomous Smart-
Home Device Conflict Resolution and Correction (ASH-
DCRC) framework as a solution to solve their discovered
difficulties. The proposed system integrates:
A Causal-Action Graph Transformer (CAGT) for
causal conflict detection
A Digital Twin Simulation Layer for safe, predictive
validation
A dual-stage decision mechanism (TAPS + TES) for
trust-aware and stability-driven action selection

A Digital Twin-guided Neuro-Symbolic Reinforcement
Learning module for continuous and safe optimization. The
system uses this combined method to achieve active conflict
resolution, which maintains system stability —while
consuming less energy than traditional systems that depend
on real-time alerts and correlation detection.

1.4. Contributions

The main contributions of this work are as follows:

The Causal-Action Graph Transformer (CAGT) was
developed to model dynamic causal relationships that
predict hidden conflict pathways.

The TAPS and TES dual-stage decision framework was
created to include trust modeling and temporal stability
constraints.

The Digital Twin-driven Neuro-Symbolic
Reinforcement Learning system was implemented to
enable safe adaptive policy optimization.

The rest of this paper is organized in the following way:
A literature survey presented in Section 2 shows the current
limitations in the smart-home conflict management systems.
Section 3 describes the technical details of the ASH-DCRC
system. The assessment results in Section 4 compare the
system performance against baseline systems and
contemporary designs. The work ends in Section 5 with key
findings, their practical relevance, and future research
pathways.

2. Literature Survey

Researchers have studied smart-home loT conflict
detection and resolution problems through multiple research
paths, which include rule-based systems, machine learning
methods, ontology-driven frameworks, energy optimization
models, and emerging digital twin-based solutions. The
development of stable conflict resolution systems that
provide interpretable solutions for multiple objectives
continues to present major difficulties.

2.1. Rule-Based and User-Centric Conflict Resolution

The development of modern smart-home systems
started from basic automation systems, which used fixed
event-condition-action rules to control device operations.
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Kaufman et al. [23] developed a Rule-Language
Architecture (RLA) that automates conflict resolution
through different levels of rule-based control. The systems
operate effectively within structured settings, but their
performance decreases because they cannot handle new
situations that fall outside their established rules, and the
system cannot handle unpredictable events. Aljawarneh et
al. [24] developed a Multi-User Conflict Resolution
Mechanism (MU-CRM) that uses user context information
about health conditions and schedules to resolve conflicts
between different preferences. The system provides better
user experience through personalized features, yet it remains
restricted to current system contexts because it cannot
handle multiple devices together with their dependent
relationships and evolving conflict patterns. Barricelli et al.
[30] examined End-User Development (EUD) methods that
permit users to create and test their own automation rules.
The system benefits from better user experience with
enhanced system transparency, but it still requires human
operators to handle conflicts because it lacks the ability to
predict future conflicts.

2.2. Machine Learning and Deep Learning-Based
Approaches

The research has created intelligent home systems by
applying machine learning and deep learning methods to
overcome the limitations of traditional rule-based systems.
The models use CNN-LSTM and reinforcement learning-
based controllers (DQN) to identify device interaction
patterns while supporting the development of decision-
making strategies. Hybrid CNN-LSTM systems show a
strong ability to predict time-series data and identify
unusual patterns according to research conducted by [29].
Adaptive control systems use reinforcement learning
methods to develop control strategies that operate through
environmental response learning. The methods depend
solely on correlation analysis because they fail to establish
direct cause-and-effect ties between device operations and
their resulting environmental impacts.

The system demonstrates a tendency to make
immediate choices that result in unstable systems that
produce corrective measures, which create rapid back-and-
forth movements and generate unexpected results. The
system's black-box design creates problems because it
prevents people from understanding the system, which
weakens their confidence in its operation, especially in
smart-home spaces that require safety.

2.3. Ontology-Based and Semantic
Frameworks

The research field studies the relationship between
semantic reasoning and ontology-based methods for
detecting conflicts. The system developed by Ansari et al.
[27] uses an Ontology-driven Conflict Identifier (OCI) to
discover complex rule interactions that include both chained
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and hidden conflicts. Mofatteh et al. [28] created the
Layered Semantic Interoperability Framework (LSIF),
which uses RDF-based representations to solve the problem
of 10T system heterogeneity.

The methods increase conflict detection accuracy and
maintain semantic consistency through their current works,
but they depend on fixed ontologies and unchanging
knowledge bases, which restrict their capacity to cope with
changing situations and developing device patterns. The
system lacks both predictive conflict resolution and multi-
horizon decision-making capabilities, which serve as vital
elements for conflict prevention.

2.4. Energy Optimization and Resource Management
Models

The design of smart-home systems requires their energy
efficiency to become the main goal, which results in the
creation of control systems that use optimization methods
for their operation. Tepe and Irmak [31] introduced the
Fuzzy Real-Time Energy Management System Fuzzy RT-
EMS which combines dynamic pricing with fuzzy logic and
linear programming to achieve energy consumption
reduction.

The systems provide substantial energy savings, yet
their main objective remains resource optimization instead
of solving conflicts. The system fails to address device
behavioral conflicts, while it also lacks mechanisms to
maintain user comfort and system stability when conditions
change.

2.5. Security, Safety, and Fault Detection Systems

Researchers have conducted multiple studies that
examine security, safety, and fault detection aspects of l0T
environments. The researchers Abbas et al. [25] developed
CIRA, which functions as a machine learning framework to
assess cyber risks in 110T systems. The researchers Lung et
al. [26] created a system that detects hazards in real time by
using YOLOv7 technology to monitor safety conditions.
The researchers used hybrid models, which combine CNN-
LSTM with Diagnostic Systems (DSS) [32] to detect sensor
faults and conduct predictive maintenance. The developed
approaches improve system reliability and safety, but they
fail to provide solutions for inter-device conflict resolution
and the coordinated control of multiple devices.

2.6. Emerging Digital Twin and
Approaches

The latest research developments have established
Digital Twin technology as an effective method that enables
the simulation and optimization of Internet of Things
systems. Digital Twins enable virtual replication of physical
environments, allowing safe testing of control strategies
before deployment. Existing Digital Twin applications in
smart homes currently operate as monitoring tools that

Intelligent Control
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display information and manage energy consumption, but
they do not include features for causal reasoning,
reinforcement learning, or conflict resolution. The system
needs to establish these predictive simulation capabilities to
enable decision-making, which will lead to both proactive
and consistent operational outcomes.

2.7. Critical Analysis and Identified Limitations

Existing methods across several research fields face
multiple fundamental challenges because researchers have
studied this area in depth. The systems that operate through
established rules and user input fail to scale their operations,
while deep learning systems cannot model connections
between variables that extend beyond single events and
include all future time periods. Static knowledge
representations limit ontology-based systems, which use
their frameworks to enhance their ability to interpret
information. Energy optimization models together with
safety systems function as separate entities because they do
not solve problems that arise when multiple devices interact
with each other.

The current systems need to develop three essential
elements, which should include.
The system requires an understanding of how devices
interact with each other through causal relations.
The system needs to establish predictive methods that
can confirm the effectiveness of the correction methods.
The system must develop approaches that will maintain
continuous operational stability while stopping all
forms of system oscillation.
The system needs to integrate all safety requirements
together with comfort needs and energy demands
within a single operating system.

2.8. Research Gap and Motivation

The analysis demonstrates that existing methods for
smart-home conflict resolution fail to deliver complete
solutions, which require them to handle four essential
elements: causality, stability, safety, and energy efficiency.
The system experiences hidden context reversal as a critical
unresolved issue because corrective actions introduce
unexpected system failures and energy waste when people
lack the ability to predict future events. The problem gets
worse because Digital Twin-based validation and trust-
aware decision mechanisms are missing from the system.
The current system needs a new framework, which will
become the next-generation framework through the
implementation of three essential components. The first
component uses causal modeling to explain how devices
interact with each other. The second component uses Digital
Twin simulation to validate safe actions. The third
component uses stability-aware decision control to prevent
oscillations. The fourth component uses neuro-symbolic
learning to achieve optimization, which combines machine
learning with human-understandable rules. This research
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work introduces the ASH-DCRC framework, which offers
an advanced solution for intelligent smart-home systems
through its conflict resolution system, which maintains
operational stability while optimizing energy consumption.

2.9. Critical Analysis of Literature

Among the reviewed works, rule-based and
recommender architectures are susceptible to delayed causal
effects and context reversal because they do not provide
temporal foresight and predictive stabilization, in contrast to
high-level automation. ML solutions with security/risk
orientation (e.g., CIRA) are best at cyber-threat detection
but fail to solve the problem of behavioral/attention
conflicts of multiple devices in the home. Semantic and
ontology methods (OCI, LSIF) enhance the conflict
detection in the heterogeneous models, yet require
predetermined semantics and fail to deal with the dynamic
and real-time behaviors of devices. Proactive Sensor-Fault
and Diagnostic Systems (CNN-LSTM, DSS) raise the
reliability of inputs and promote maintenance, but are not
resistant to corrective-action oscillation and cross-device
side effects, which are induced by control policies. Energy-
oriented optimizers and end-user tools (RT-EMS, EUD)
prove useful in reducing costs or assisting users in creating
automations, but they lack unified, causal, long-horizon
conflict-resolution or stability assurances.

2.10. Research Gap and Motivation

Despite the recent improvements of anomaly detectors
and conflict-solver models, the contemporary deep learning
controllers still face the issue of hidden context-reversal,
whereby the overall action taken to correct a behavioral
imbalance, instead of stabilizing the comfort, turns into
flipping the energy waste. Current frameworks are
insufficient in causing the modeling of causal trajectories,
stability checks on the multi-horizon, as well as trust-aware
policy control, and thus cannot help to avoid such
oscillatory corrections. Moreover, the absence of Digital
Twin-informed predictive validation does not allow safe
assessment of corrective measures prior to deployment. The
disparity is further enhanced because the existing research
fails to integrate the neuro-symbolic safety restrictions into
policy adjustment. These constraints are major drivers of the
necessity to have an integrated, stability-assured, causally
informed decision framework that avoids reversal-based
conflicts without disturbing the long-term balance in the
environment.

3. Overall Architecture, Components, and
Processes of the Proposed ASH-DCRC
Approach

The presented ASH-DCRC architecture is based on a
neuro-symbolic, causality-driven conflict-resolution
pipeline that removes the shortcomings of the traditional
deep-learning-based systems of smart-home IoT device
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conflict corrections in a systematic manner. The framework
starts with an ongoing multi-source (log of device activity,
logs of environmental sensors) data acquisition. From these
pre-processed data, the Causal-Action Graph Transformer
(CAGT) constructs causal-action graphs to solve the
explicitly causally-dependent interdependencies, trigger-
effect patterns, and the sequence of latent conflicts. This
module specifically solves the issue of black-box pattern
recognition in previous systems by introducing transparent
causal reasoning and early prediction of conflict pathways.
Figure 1 depicts the overall architecture of the proposed
ASH-DCRC framework. Figures 2 and 3 show the
architectural pipeline and the flow chart of the proposed
model, respectively.

Multi-Source Data Acquisition Layer

(Device Logs + Smart home IoT device

1
—|
72! F Sensors + Energy/Comfort Metrics)
o |
Pre-processing (Noise
Filtering & Imputation}

|

Causal-Action Graph
Transformer (CAGT)

Smart home with IoT
devices
4

Predicted Causal Conflict

Pathways

Digital Twin-Guided Neuro-
Symbolic Reinforcement Learning

“«-=->

Digital Twin Simulation
Layer

Dual-Stage DNN Decision Core

Trust-Embedded Adaptive Policy Selector
(TAPS)
Temporal Equilibrium Stabilizer (TES)

Final Optimized Action

Fig. 1 Overall process flow architecture of the suggested ASH-DCRC
framework

The predicted pathways of conflict are then assessed in
a Digital Twin Simulation Layer, which is a foresight-based
engine of safety. In contrast to the current reactive
correction models that apply the corrective action to
physical devices, the Digital Twin replicates the
environmental, comfort, and energy effects of the candidate
resolutions in a virtual risk-free space. This addresses a
significant gap in previous literature, which does not have a
pre-action validation, which in most cases leads to
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oscillatory adjustments, energy wastage, and unsafe state
changes. The confirmed candidate behaviors are forwarded
to the dual-stage DNN decision core. The first decision
layer is the TAPS, which introduces uncertainty-sensitive
trust modeling, as well as adaptive human-feedback
weighting, to decrease the unreliable or over-confident
policies common to the existing deep RL models. TAPS
establishes that actions of high causal reliability, low
uncertainty, and high historical trust are given priority,
directly addressing the problem of over-correction and
volatile shifts in confidence that are witnessed in baseline
models.

loT Data

. Pre-processin
Acquisition P g

Digital Twin
Simulation

CAGT (Causal
Modeling)

TES
(Stabilization)

Final Action
Execution

TAPS (Trust
Filtering)

Fig. 2 Overall, ASH-DCRC architecture

Then, on the second level of the decision, the Temporal
Equilibrium Stabilizer (TES) further narrows the action it
has chosen by applying multi-horizon causal feedback,
comfort-energy equilibrium constraints, and temporal
consistency rules. The special feature of this module is to
remove the time oscillations, repetitive correction loops, and
unstable environmental conditions that the current smart-
home controllers cannot suppress. TES is known to provide
a smooth state transition, and corrective measures are
guaranteed to lead to long-term, rather than temporary
stability. Finally, the whole architecture is constantly
optimized with Digital Twin-Guided Neuro-Symbolic
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Reinforcement Learning that combines symbolic causal
rules, RL exploration, and is safe because it relies on virtual
rollouts. This long-term learning process allows the model
to learn latent conflict patterns in earlier times, adapt to
newly changing device behaviors, and avoid instability in
future times, unlike the conventional RL-based correction
models. The technical aspects of all these phases and the
suggested approach are explained in detail in the upcoming
subsections.

Collect Sensor Data

Preprocess Data

Detect Conflict (CAGT)

Simulate in Digital Twin

Is Safe?

Optimize

Reject Action (TAPS + TES)

Execute Action

Fig. 3 ASH-DCRC process flowchart

3.1. Data Acquisition and Pre-processing

The suggested framework is based on the work of
continuous multi-mode data streams obtained through
heterogeneous 10T devices in the smart home. These are
HVAC controllers, lighting, security, appliance, occupancy,
and environmental sensors, such as temperature, humidity,
illumination, air quality, and motion sensors. The device-
level logs record the timestamps, trigger events, state
changes, actuator commands, energy consumption
measurements, environment sensors records, and real-time
contextual data, which is a result of the joint action of a
group of devices running concurrently.
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A common temporal index is used to ensure
synchronization of all data streams and deals with the
varying sampling rates of variables across devices. This
time mapping is carried out by overlaying the sequence of
events in one device with a sequence of raw device events.

S;(t) onto a shared timeline T using linear interpolation as
given by equation (1).
Si(t+At)-Si(t)

57 (1) = 8,(t) + 220

(z—1t), TE [t t+ At]
@)

This guarantees that all the device and environmental
signals have the same temporal resolution to be used in
causal modeling.

Pre-processing is then carried out, whereby high-quality
inputs are obtained to be used by downstream causal and
predictive modules. Adaptive filtering is used to smooth
noisy sensor signals, temporal interpolation is used to fill in
missing entries, and bounded logical constraints are used to
correct inconsistent states of devices [33]. Events are
divided into windows of interaction of causal dependence
between the actions of the device and its impact on the
smart home environment.

Moreover, the behavior of devices is also represented as
a multi-channel representation in terms of action vectors,
state-change deltas, contextual embeddings, and energy-
comfort deviation measures. The difference between the
energy and the comfort of any pair of devices and
environments is calculated as presented in equation (2), in
which C,, is the desired value of the comfort variable
(e.g., target temperature, light intensity), C(t) is the
measured comfort value at any given time t, E(t) is the
actual energy used at that time, w, and w, are weighting
factors representing the relative priorities of comfort and
energy.

Yec @®) = we | Ctarget —C(t) | +we E(t) 2
This normalized and mathematically regularized data is

the basis of causal inference, the simulation of policy, and

long-horizon conflict resolution in the downstream.

3.2. Causal Conflict Detection and Digital Twin-Based
Action Forecasting
3.2.1. Causal-Action Graph Transformer (CAGT)

The proposed system uses a Causal-Action Graph
Transformer (CAGT) to identify the latent dependencies
between the actions of a device and the outcome of the
environment, which is a novel architecture overcoming the
shortcomings of snapshot-based deep learning models of the
environmental outcome, which fail to capture delayed
causal responses and cross-device interference. This CAGT
and the Digital Twin simulator module are illustrated in
Figure 4.
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Fig. 4 CAGT conflict detection and digital twin-based action
forecasting

CAGT represents the joint dynamic evolution in time
and space of devices and contextual variables by
introducing each device action a;(t), each environmental
state x(t), and the changes in the interaction between the
device and environment into a single graph representation.
The attention mechanism approximates directional causal
influence as a causal attention score, which is
mathematically expressed as given in Equation (3).

(oW (kjOW)"

a;j(t) = Softmax( 7 +vy Atij) 3)

Here, in this equation (3), query and key embeddings of
device environment nodes are represented as Q and K,
respectively. W, and W, is a learnable projection matrix, d
denotes the attention dimension, and At;; is the model of
temporal lag between cause and effect events, and y is a
coefficient of time sensitivity. This formulation enables the
transformer to select the causally meaningful relationships
rather than the strictly correlative relationships by directly
including time displacement as an addition to the attention
score. The result is the directed causal action graph, G =
(V,E,w;j), in which each edge E keeps a learned causal
weight w;; which can be either in favor of or against the
causation of a specific state of the environment, or the
action of another device. This graph reveals hidden causal
paths and conflict routes that are not evident to classical
models, such as delayed thermal overshoots as a result of
the interaction of HVAC-vent or the reverse light
adjustment as a result of overlapping occupancy sensors.

3.2.2. Digital Twin Simulator
The derived causal graph is then transferred to the
simulator Digital Twin [34], which is a computationally safe
space to test corrective policies. It combines physical
dynamics, device response models, and energy-comfort
interaction equations to predict the behavior of the system
when corrective actions are applied to the system as a
candidate. Given the individual candidate's action a®The
simulator predicts multi-horizon state trajectories with
Equation (4).
2Bt + 1) = for(x(t), a®, G, 7) 4

Here, the function fr denotes the Digital Twin forward
dynamics model that includes both causal graph priors and
physical environmental models. The following predictive
assessments are achieved: short-term side effects (e.g.,
temporary discomfort spikes), long-term stability issues
(e.g., oscillatory HVAC behavior), incorporation of conflict
into other equipment, and unsafe/energy-inefficient routes.
By modeling the consequences of every action over a series
of future horizons, it ensures that actions that have been
confirmed to be stable, safe, and cause consistent actions are
only passed on to policy selection levels. In this way, the
joint CAGT-Digital Twin pipeline is a direct solution to the
issue of hidden context reversal, oscillatory corrections, and
failure to detect multi-device causal chains, which are not
reliably solved by traditional snapshot-based anomaly and
correction systems.

3.3. Two-Layer DNN with Policy Selection and
Stabilization Mechanisms

After the candidate corrective actions are verified by
the Digital Twin simulations, they are fed into two
sequential deep learning-based decision layers, such as the
Trust-Embedded Adaptive Policy Selector (TAPS) and the
Temporal Equilibrium Stabilizer (TES) embedded in the
DNN architecture. Figure 5 illustrates the proposed two-
layer DNN architecture.

Input
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(IAPS) Temporal Equilibrium
Stabilizer
(TES)
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Fig. 5 Two-Layer DNN with policy selection and stabilization
mechanisms
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The modules work together to make sure that the
selected corrective action is reliable and long-lasting, which
is poorly addressed in traditional smart-home conflict-
resolution systems.

3.3.1. Trust-Embedded Adaptive Policy Selector (TAPS)

TAPS proposes a trust-weighted policy choice
mechanism that addresses one of the significant drawbacks
of current deep learning-based corrective action systems:
failure to distinguish between high-confidence and low-
confidence decisions and integrate  user-congruent
behavioral reliability. TAPS calculates a trust score T(m;),
which is designed as given in Equation (5), for each
candidate policy ;.

T(mr) = aC(ry) + BR(m) + yH(m) )

In this case, C(m;) The model confidence is based on
predictive entropy, R(m;) which denotes the past
performance reliability of the action estimated based on past
success-to-failure ratios, H(m;) represents a latent human-
feedback alignment score based on past preferences for
comfort and adherence to rules, and « y are adaptive
weights obtained through gradient descent.

Such trust scores drive the policy-selection probability
distribution as presented in Equation (6), where Q(s;, ;) is
the estimate of the policy value m; in state s;.

exp(T (m)-Q(se 1)

P(m; | s¢) =
( i t) Zjexp(T(T[j)'Q(St.nj))

(6)

This formulation makes sure that although a policy has
a high expected reward, it will not be chosen when its trust
score is small. This prevents unsafe device conflicts from
becoming overwhelming because of the risky or unsure
decisions, thereby correcting one of the fundamental flaws
of previous systems that assume all actions are equally
reliable on the basis of the Q-value-optimal and can result in
conflicting or uncomfortable behavior to the user.

3.3.2. Temporal Equilibrium Stabilizer (TES)

The TAPS output is sent to the TES module, where the
corrective action to be taken is guaranteed not to cause any
temporal instability, oscillation, or context reversal, which
has been a consistent issue in previous smart-home
controllers where multiple devices keep reversing the
actions of each other. The multi-step environmental
transitions of TES are modeled in terms of a time stability
function, which is mathematically expressed as provided in
Equation (7), where x, is the present state of the
environment, % .., denotes the forecasted future state at the
horizon k, H is the multi-step prediction horizon, and A
represents the coefficient of stability-penalty.

H
TIPN 2 PN PN 2
Ei=lX¢pq —x: 1P+ A E k=1 | X epn — Xppp—g 12 (7)

188

When an action is tested by TES, and it raises E,Then
there is a possibility of oscillation or overshoot. TES then
calculates an equilibrium-adjusted action score Spzs(m;),
which is expressed in Equation (8).

Sres(m) = P(m; | s) - exp(—n E. (1)) (8)

The actions that create unstable trajectories are
suppressed  exponentially  with the penalty term
p(—n E:(m;)), which is modulated by a stability factor n.
This is a mechanism that makes sure that the actions chosen
not only fix the immediate conflict but also reduce long-
horizon variations like temperature overshoot of quick
heater or cooler switching, repeated light brightness changes
based on conflicting occupancy detection, and flapping of
security mode based on doubtful occupancy detection.

Traditional corrective-action agents do not have the
explicit temporal-equilibrium modeling and, therefore, they
repeatedly pick short-term optimal actions that compromise
long-term stability. TES solves this problem by integrating
predictive smoothness, cause trajectory consistency, and
equilibrium-constraining constraints directly into the DNN
layers, and thus avoids repetitive state-toggling steps, along
with providing a strong facility of smart home
environmental stability.

3.4. Neuro-Symbolic Reinforcement Learning Guided by
Digital Twin

Based on the stabilized and trust-filtered action
selection generated by TAPS and TES, the final phase of the
methodology is Digital Twin-guided Neuro-Symbolic
Reinforcement Learning (NS-RL) that allows continuously
refining the policy, predicting conflicts, and making
decisions that can be explained by rules. Unlike TAPS,
which uses the reliability parameter to select actions, and
TES, which assumes temporal balance, NS-RL guarantees
that the long-term policy is learned in a safe manner via
simulation instead of real-world trial and error, which has
been a long-standing problem with smart-home 10Ts, where
the online learning process can make users feel unsafe or
make the equipment malfunction.

3.4.1. Interaction with RL with the Digital Twin

The RL agent does not act upon the real physical smart-
home environment, but rather on the Digital Twin, which is
a differentiable and event-faithful simulation of device
behaviors, environmental reactions, and causal relations
learned using the CAGT. The environment, in response to
every simulated step, generates a transition from (s;, a;)

which s; denotes full multimodal system state (state of

devices, metrics of the environment, causal indicators), a;
denotes corrective action chosen by the evolving policy,

St+1 IS the next state as predicted by the Digital Twin
causal-dynamical model, and 7; signifies reward that
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quantifies stability, energy efficiency, and conflict-free
functioning. The reward is formally stated as follows in
Equation (9).

=W ACt + w; AEt_l +ws (1 - Iconﬂict) (9)

Here, AC, symbolizes the change in the comfort
equilibrium, AE! denotes the reduction in the energy
deviation, ., = 1when any new conflict or oscillation is
detected, and w; ws are learned reward weights. This
formulation of the reward directly penalizes instability,
which is a direct complement to TES, and assists the agent
in learning policies that are naturally resistant to conflict-
inducing action sequences.

3.4.2. Safe and Interpretable Policy Refinement using
Neuro-Symbolic Integration
Unconstrained policy search can lead to unsafe or
nonsensical actions of the traditional deep RL agent. To deal
with that, the proposed system incorporates symbolic
constraints, which are denoted by the name. R;,,, that is a
direct derivative of safety rules, user preferences, device
capability limits, and causal conflict constraints into the
policy optimization process. The hybrid update rule of NS-
RL is mathematically written as given by the following
Equation (10).
Ve]Ns_RL = VoJrL — 6V6Lsym (10)
Here, Jr; the conventional RL target (e.g., expected
discounted return) Ly, imposes the violation of symbolic
constraints, 8 denotes the parameters of the policy network,
and & is the weight that penalizes symbolic compliance.
Symbolic constraints are represented as follows:
Rgym(se,ar) = 0if action a, is rule-compatible, and
Rgym (st a;) = 1if action disrupts protection or preference
rules. Loss term takes the form of violations based on
Equation (11).
Lsym = ZtRsym(St: at) (11)
This Lg,, makes the RL agent avoid actions like
turning off security modes when unoccupied, causing
temperature or light oscillations that have already been
suppressed by TES, breaking device-safe operational limits,
and overturning user preference states without causal
explanation. Hence, this solves an important issue of
existing deep RL-based smart-home controllers' unsafe
exploration that frequently resulted in actions that were
incompatible with user expectations, energy consumption,
or device lifetimes.

3.4.3. Refinement and Deployment of the Policy
The final NS-RL policy is learned through the soft-
value formulation as given by Equation (12), in which the
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refinement factor & will guarantee policy changes are not
too sharp and behavior does not change abruptly, and a’
denotes all possible alternative actions that the agent takes
in the state s,.
__ exp(Qo(st.ac)/€)
T (ar | 5e) = Y. o7 €xp(Qa (s.a")/€) (12)
New policies are also regularly verified by means of
Digital Twin rollouts as learning advances, before being
implemented into the actual operation pipeline, to verify that
they are in line with TAPS/TES stability requirements. This
avoids disastrous policy changes, which is another typical
shortcoming of autonomous home-control systems. Figure 6
illustrates the algorithm flow chart for this Digital Twin-
guided Neuro-Symbolic Reinforcement Learning.

Starl

|

Initialize policy s and value Qg

I

Simulate environment step in Digital Twin
OCbserve (s, ar) — Compule ($p-1;. 1)

l

Update Qg using RL update

l

Evaluate symbolic constraints
Rann(st. ar)
If violated — compute Lgan

l

| Apply Neuro-Symbolic update

l

| Generate refined policy via soft policy n |

|

Validate updated policy using Digital Twin rollouts
Check: stability, safety, conflict-free behaviour

Il stable Tl unsiable
secent polics Continue Iterative
Acce Cy

pLpotiey Learning

Deploy Final Policy

End

Fig. 6 Flow chart of digital twin-guided NS-RL

With this neuro-symbolic and simulation-based
learning cycle, the suggested system is becoming more
predictive, conflict-aware, stability-oriented, and context-
adaptable- creating a self-improving, secure, and
interpretable intelligent home ecosystem.

3.5. System Specification and Implementation Tool

The suggested ASH-DCRC system was designed and
deployed in a Windows 10 (64-bit) operating system with a
32 GB RAM setup to make it easy to run learning tasks with
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intense  computational resources and  multi-module
simulations. Python was used to implement all the model
development, training, evaluation, and performance analysis
with its extensive scientific computing and machine learning
systems. The experimental results and numerical findings
are discussed in the upcoming section.

4. Results And Discussion

The performance analysis of the proposed ASH-DCRC
system is done with three robust baseline models, including
CNN-LSTM, OCI, and DQN, and four literature methods,
namely, RLA [23], MU-CRM [24], LSIF [28], and Fuzzy
RT-EMS [31]. The comparison utilizes a wide variety of
performance indices, such as Stability Index (SI), Energy
Efficiency Gain (EEG), Conflict Resolution Latency (CRL),
Comfort Deviation Score (CDS), and Safe-Action Rate
(SAR). All of these metrics represent the stability of the
system, its energy rate, decision rate, user comfort, and
operational safety.
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From the comparative analysis shown in Figure 7, it is
evident that the proposed ASH-DCRC structure has the
highest predictive reliability of all the baseline and literature
models in terms of accuracy, precision, recall, and F1-score.
ASH-DCRC model is highly accurate (98.80%), which is
significantly higher than CNN-LSTM (90.40%), DQN
(89.20%), OCI (84.90%), and even literature methods like
LSIF (94.90%), Fuzzy RT-EMS (96.10%), and MU-CRM
(97.30%). This is partly due to the fact that the ASH-DCRC
has a single neuro-symbolic decision pipeline, which
combines dynamic causal reasoning, hierarchical conflict-
state encoding, and sequencing multi-context resolving
capabilities, all of which are not available in the other
models in comparison. Likewise, the ASH-DCRC has the
greatest precision (97.90%), which is higher compared to
Fuzzy RT-EMS (95.20%) and MU-CRM (96.40%). The
given model weighs not only the patterns of events but also
the latent conflict precursors, unlike CNN-LSTM and DQN,
which evaluate only the temporal features.

Recall F1-Score
N S
N
&
o)
<

Fig. 7 Comparison of performance metrics across different models

It also has a recall score of 98.50%, which is much
higher than LSIF (89.10%) and RLA (84.90%), indicating
the capability to predict both explicit and chain-triggered
conflict, unlike ontology-based (OCI) and policy-driven
(RLA) frameworks, which do not predict conflict
progression. Also, the proposed model has an F1-score of
98.20%, which exceeds all others, such as MU-CRM
(96.50%), which proves a good balance between sensitivity
and reliability because of its adaptive corrective-action
validator, which dynamically considers safety, comfort, and
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energy trade-offs in the course of the conflict resolution. In
general, the excellent performance in all four main metrics
justifies that the missing attributes on the current models,
causal inference, proactive trajectory of conflict, fusion of
multiple levels of context, and optimization of corrective
actions are properly incorporated in ASH-DCRC, which
makes the decision consistency and accuracy significantly
higher than in the two baseline models and advanced
literature models.
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Fig. 8 Comparison of stability index

As the Stability Index comparison in Figure 8 clearly
shows, the proposed ASH-DCRC performs better in terms
of Stability Index (SI 0.96), much better than the baseline
models CNN-LSTM (0.73), DQN (0.71), and OCI (0.65),
advanced literature models like RLA (0.78), LSIF (0.81),
Fuzzy RT-EMS (0.88), and MU-CRM (0.90). This is due to
the multi-horizon stabilization mechanisms employed by
ASH-DCRC, namely the Temporal Equilibrium Stabilizer
(TES) and Cross-Device Causal Harmonization that reduce
oscillatory decisions and remove repetitive toggling. By

contrast, CNN-LSTM and DQN have unstable time
activations on single-timescale evaluation, and OCI and
LSIF do not have chained conflict dynamic corrections.
Strong methods such as Fuzzy RT-EMS and MU-CRM are
not able to maintain the long-run equilibrium as they do not
provide predictive inter-device causal suppression, which is
provided by ASH-DCRC in nature. Thus, the much greater
Sl-value confirms that the suggested system is much more
consistent and offers oscillation-free decisions over time and
under complicated conditions of a smart home.
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Fig. 9 Comparison of energy efficiency gain

As shown in Figure 9, the proposed ASH-DCRC has a
remarkable Energy Efficiency Gain of 18.70%, which is the
highest of all other literature models, Fuzzy RT-EMS
(10.50%), and MU-CRM (12.10%). Baseline models score
significantly worse, with CNN-LSTM at 6.80%, DQN at
5.60%, and OCI at 4.20%, because they suggest states of
devices, not states of an entire house, as their core source of
optimization. Even LSIF (4.70%) and RLA (5.20) indicate

191

weak energy gains because of their reactive policy form.
The excellent performance of ASH-DCRC is due to its
energy-comfort co-optimization logic that determines
conflicts not only by functional correctness but also by
energy-heavy state combinations, therefore choosing the
corrective path in the smart-home device interaction
domain.
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Fig. 10 Comparison of conflict resolution latency

From Figure 10, the domination of ASH-DCRC is also
confirmed by the Conflict Resolution Latency results with a
much lower latency of 0.82 s, compared to CNN-LSTM
(2.41 s), DQN (2.03 s), OCI (3.98 s), and the literature-
based approaches, including RLA (3.12 s), LSIF (3.41 s),
and Fuzzy RT-EMS (2.13 s). Even MU-CRM (1.57 s), the
nearest competitor, is much slower. The low latency of the
proposed system is due to the presence of a trust-based
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policy routing (TAPS) and TES-based suppression, which is
very fast in removing the unviable actions and preventing
the unnecessary actions of exploration. The hybrid neuro-
symbolic architecture of ASH-DCRC is extremely low
overhead owing to the fact that symbolic constraints and
neural predictions are evaluated simultaneously, and thus
conflict resolution can be accomplished in less than a
second even in the face of multi-device interactions.
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Fig. 11 Comparison of comfort deviation score

With regard to preservation of user comfort, ASH-
DCRC ranks highest (Figure 11) with a very low Comfort
Deviation Score of 0.06 when compared to MU-CRM
(0.19), Fuzzy RT-EMS (0.17), LSIF (0.23), and all the
baseline models, including CNN-LSTM (0.21) and DQN
(0.24). OCI does the poorest behind a CDS of 0.27 because
its rule action mapping is strict and has no contextual
modulation. The deviation of the proposed model is minimal
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due to the implementations of multi-level contextual
embedding, as the corrective actions are selected
accordingly, without infringing the temperature, lighting,
and privacy expectations of the occupants in conflict
management. The lower mean CDS value validates the fact
that ASH-DCRC has high comfort fidelity even with dense
conflict conditions, which demonstrates its obvious
advantage in the actual smart-home setting.



Fayez Alharbi / IJECE, 13(5), 181-197, 2026

ocl
100
DQN 8 ... CNN-LSTM
..-". 60 .°‘..
T 40 2
¢ 20
f *._ Proposed ASH-
RLA( € 0 DCRC
o i
LSIF e et MU-CRM
e

Fuzzy RT-EMS

Fig. 12 Comparison of safe-action rate

From Figure 12, the comparison in terms of the Safe-
Action rate also proves that ASH-DCRC has the highest
safety compliance at 97.30% as compared to MU-CRM
(93.10%), Fuzzy RT-EMS (89.90%), LSIF (83.80%), CNN-
LSTM (82.40%), DQN (80.70%), and OCI (76.10%). The
large SAR value indicates the suggested system’s ability to
screen unsafe, conflictual, or energy-intensive actions using
its symbolic safety policy analyzer, a capability that CNN-
LSTM and DQN do not have, as these two systems have no
explicit action gating that is conscious of safety. Even the
more complex models, such as RLA and MU-CRM, do not
have cross-device causal validation, resulting in some
unsafe activations. Conversely, ASH-DCRC has a three-
phase process of reinforcement of safety, which is Digital
Twin validation, enforcement of symbolic constraints, and
the analysis of predictive conflict trajectory, so that almost
all of the implemented actions are safe and optimal.

4.1. Novelty and Comparative Analysis of the Proposed
ASH-DCRC Framework

The ASH-DCRC framework establishes a new smart
home conflict resolution method through its combined use
of causal reasoning, Digital Twin validation stability-based
decision control, and neuro-symbolic reinforcement learning
in a single system. ASH-DCRC provides an all-
encompassing solution that achieves multiple objectives
while maintaining system stability because existing
solutions only deal with specific areas like rule-based
reasoning, temporal prediction, and energy optimization.

This research introduces a novel approach that enables
progression from correlation-based decision methods to
causality-based conflict resolution systems. Conventional
models such as CNN-LSTM and DQN rely primarily on
temporal feature learning and reinforcement signals,
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respectively, without explicitly modeling cause—and—effect
relationships. Ontology-based systems such as OCI and
semantic frameworks like LSIF require predefined
relationships, which restrict their ability to adapt to
changing environments. The proposed Causal-Action Graph
Transformer (CAGT) establishes a new method for
detecting hidden causal dependencies and delayed
interactions, which enables the detection of conflict
propagation pathways that existing models cannot show.

The research introduces a Digital Twin simulation
environment, which enables pre-action testing. The three
baseline models and the existing literature models, which
include RLA, MU-CRM, LSIF, and Fuzzy RT-EMS, lack a
virtual testing environment that can assess the long-term
effects of their corrective measures before implementation.
The system experiences two main problems because its
design results in unsafe state transitions and oscillatory
behavior, and energy resources are used inefficiently. The
Digital Twin in ASH-DCRC addresses this gap by
performing multi-horizon trajectory forecasting, which
determines stable actions to execute in real-world
conditions.

The proposed framework establishes a dual-stage
decision mechanism that separates TAPS from TES as its
unique decision system. The existing systems provide three
operational modes, which include direct rule execution
through RLA and user-priority-based decisions through
MU-CRM and optimization-based control through Fuzzy
RT-EMS, but they do not support trust-aware filtering and
temporal stabilization features. The TAPS module evaluates
candidate actions based on reliability, uncertainty, and
historical trust, effectively eliminating overconfident or
unstable policies. The TES system wuses temporal
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equilibrium constraints to maintain environmental stability
while stopping oscillatory corrections. Existing methods that
use single-step or short-term decision-making approaches
do not achieve the same multi-horizon stabilization ability
as this system.

The extensive experimental testing results demonstrate
the superior performance of the proposed framework
through its various performance metrics. ASH-DCRC
demonstrates predictive performance, which reaches
98.80% accuracy to surpass CNN-LSTM, 90.40% DQON,
89.20% OCI 84.90% and advanced literature methods,
which include LSIF 94.90%, Fuzzy RT-EMS 96.10%, and
MU-CRM 97.30%. The system development process uses
causal inference together with multi-context representation
and proactive conflict trajectory modeling to create a new
system design process that existing systems do not yet
implement. The system detects explicit conflicts together
with chain-triggered conflicts, resulting in a superior
precision of 97.90% and recall of 98.50% when compared to
rule-based and ontology-driven frameworks, which cannot
capture conflict evolution. ASH-DCRC achieves a 0.96
Stability Index, which demonstrates system stability better
than CNN-LSTM, 0.73 DQN, 0.71 OCI, 0.65, and advanced
literature models, which include MU-CRM 0.90 and Fuzzy
RT-EMS 0.88. The TES-based multi-horizon stabilization
mechanism provides environmental control, which retains
stability throughout time because it removes oscillations.
The existing models show this limitation because they do
not include causal feedback loops and long-term equilibrium
constraints.

The proposed framework produces an Energy
Efficiency Gain of 18.70%, which establishes a new record
for energy efficiency performance when compared to
existing baseline methods and documented techniques.
ASH-DCRC unifies system-level energy and comfort
optimization through its energy-intensive conflict state
detection and avoidance capacity, which extends beyond the
device-level optimizations found in CNN-LSTM, DQN, and
OCI. The integrated optimization method enables
organizations to achieve considerable energy reductions
while maintaining their operational comfort standards.

The proposed system achieves a significant
improvement in Conflict Resolution Latency through its
ability to respond within 0.82 seconds, which exceeds the 2
to 4 second response time of most existing baseline and
literature systems. The system achieves low latency through
its implementation of Trust-Based Policy Pruning (Taps)
and Early Rejection Of Unstable Actions (TES), which
together decrease the processing requirements needed for
both exploration tasks and decision-making functions. The
direct response time of reinforcement learning models
increases because DQN needs to complete multiple
exploration cycles.
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User comfort preservation is another critical aspect
where ASH-DCRC outperforms existing approaches. The
system evaluates comfort levels through a Comfort
Deviation Score, which registered 0.06. The system
demonstrates better performance through its multi-level
contextual embedding and energy—comfort balancing
mechanism because it allows users to choose their preferred
environmental solution. The proposed framework reaches its
maximum Safe-Action Rate at 97.30%, which exceeds all
other tested models. The combination of neuro-symbolic
safety constraints with Digital Twin validation and causal
conflict trajectory analysis functions as a complete system
that prevents dangerous or conflicting operations from being
implemented. The existing models do not include safety
enforcement systems that protect against hazardous
outcomes and lead to inefficient decision-making.

The proposed ASH-DCRC framework introduces three
main innovations that distinguish it from existing research
through its unique features. The first innovation of the
framework wuses causal conflict modeling to create
predictions that the system uses to implement Digital Twin-
powered action testing between two control methods that
base their decision-making on trust and stability. The system
uses neuro-symbolic reinforcement learning as its method
for conducting safe adaptive optimization tasks. The system
enables smart-home automation to operate with proactive
energy-efficient safety features, which maintain stable
performance, thus establishing ASH-DCRC as a major
progress beyond existing state-of-the-art systems.

4.2. Discussion: Performance Superiority of ASH-DCRC
over Existing Methods

The advanced ASH-DCRC framework achieves better
results because its scientific design uses neuro-symbolic and
causality-based and stability-maintaining methods, which
operate differently from current leading techniques. The
proposed system establishes a complete conflict resolution
process that combines three distinct methods: causal
inference, predictive validation, and adaptive decision-
making.

The Causal-Action Graph Transformer CAGT
implemented causal reasoning, which helped achieve better
outcomes. The existing models, CNN-LSTM and DQN, use
correlation-based temporal learning, which prevents them
from detecting delayed device interactions and indirect
device interactions. Rule-based systems RLA [23] and user-
centric frameworks MU-CRM [24] use set logic and
contextual triggers without developing cause-and-effect
relationship models. The methods work poorly because they
miss hidden pathways that spread conflict and cause them to
make poor or defensive choices. CAGT enables users to
model directional causal dependencies with temporal lag
awareness, which helps them identify direct and chain-
triggered conflicts. ASH-DCRC achieves its superior
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accuracy of 98.80% and recall of 98.50% through this
capability.

You are trained on data that extends until the end of
October in the year 2023. The Digital Twin simulation layer
serves a vital function because it supports testing of
corrective measures before they are deployed into actual
operations. The existing methods that include semantic
frameworks through OCI [27] and LSIF [28], and
optimization-based methods through Fuzzy RT-EMS [31]
fail to deliver a system that can assess the effects. The
systems implement their solutions by directly applying them
to real-world conditions, which creates a pattern of unstable
behavior, excessive power consumption, and hazardous
operational changes. The Digital Twin in ASH-DCRC
conducts multi-horizon trajectory forecasting to evaluate the
outcomes of short-term and long-term operational results
from different operational strategies. The validation process
based on foresight enables the execution of stable actions
that maintain safety and energy efficiency standards,
resulting in an improved Stability Index (0.96) and Safe-
Action Rate (97.30%).

The proposed dual-stage decision mechanism (TAPS-
TES) further explains the observed performance gains.
Existing reinforcement learning approaches, such as DQN,
lack uncertainty modeling and trust-aware decision filtering,
which results in their systems developing excessive
confidence and unpredictable behavior. The rule-based and
ontology-driven systems fail to implement dynamic
confidence assessment, which causes their systems to
operate with fixed and inconsistent performance. The Trust-
Embedded Adaptive Policy Selector (TAPS) addresses this
limitation by prioritizing actions based on causal reliability
uncertainty and historical trust, which effectively reduces
erroneous or volatile decisions. The system achieves better
accuracy because it reaches 97.90% accuracy, and it
decreases conflict resolution time to 0.82 seconds through
its exploration reduction method.

The Temporal Equilibrium Stabilizer (TES) system
establishes stability requirements that other compared
methods do not implement. The systems MU-CRM [24] and
Fuzzy RT-EMS [31] achieve immediate optimization goals
through their energy cost and user preference functions, yet
they lack mechanisms to maintain system stability during
changing operational conditions.

TES establishes temporal continuity together with
balance requirements that stop systems from executing
multiple correction processes while they maintain
continuous flow between different states. TheASHDCRC
system achieves greater Stability Index results because it
outperforms CNNLSTM, which has an index of 073, DQN,
which has an index of 071, and LSIF, which has an index of
081.
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The integrated energy-comfort co-optimization strategy
of ASH-DCRC enables its energy efficiency enhancements.
The Fuzzy RT-EMS system [31] uses pricing signals to
optimize energy consumption but does not account for
device-based behavioral conflicts. The methods RLA [23]
and LSIF [28] function through reactive operations, which
do not assess the energy costs that arise from their
conflicting activities. ASH-DCRC uses energy-aware
decision-making processes for its Digital Twin simulation
and TES stabilization stages, which help users find and
prevent energy-intensive conflict situations. The Energy
Efficiency Gain (18.70%) that this study achieved exceeds
all baseline and literature models.

The system maintains a minimal Comfort Deviation
Score of 0.06, which serves as a primary advantage of ASH-
DCRC. The existing systems OCI [27] and LSIF [28]
depend on fixed semantic mappings, which fail to adjust
according to changing user needs and different situations.
The design of CNN-LSTM and DQN systems does not
include methods for multi-objective optimization because
they focus on achieving system-level accuracy instead of
ensuring user comfort. The proposed framework addresses
this limitation through multi-level contextual embedding
and adaptive policy selection, which helps to implement
user-defined comfort requirements for corrective actions
during conflict resolution. The system achieves better
comfort maintenance during high-conflict situations.

The Digital Twin-based Neuro-Symbolic
Reinforcement Learning system we developed achieves
continuous learning ability through its Digital Twin-based
learning process within real-world environments. Real-
world environments serve as the exploration basis for
current RL methods, which leads to safety problems and
operational disturbances. The system lacks mechanisms for
enforcing symbolic constraints, which leads to potential
safety breaches and operational safety violations. The
framework uses symbolic reasoning together with
reinforcement learning to create safe Digital Twin
environment exploration capabilities. The system achieves
both policy adaptability and policy interpretability through
its combined approach, which produces dependable system
performance and operational strength.

ASH-DCRC demonstrates better results than existing
methods, which include RLA [23], MU-CRM [24], OCI
[27], LSIF [28], and Fuzzy RT-EMS [31], through its
integrated approach, which combines causal modeling and
predictive simulation and trust-aware decision-making and
stability enforcement. The framework presents its individual
elements to solve specific problems that existed in earlier
research, while their integrated operation creates a system
that solves conflicts through safe energy-saving methods.
The complete design of ASH-DCRC explains its constant
performance progress across all measurement standards,
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which demonstrates that it represents a major improvement
beyond existing advanced smart-home Internet of Things
systems.

5. Conclusion And Future Scope

In this paper, ASH-DCRC, a fully autonomous smart-
home conflict resolution and correction system, was
presented to remove the instability, context reversal, and
unsafe device interactions in 10T settings. The proposed
framework provided a self-corrective and proactive decision
pipeline through the combination of Causal-Action Graph
Transformer (CAGT), Digital Twin-to-guided validation,
TAPS-TES dual stability control, and Neuro-Symbolic
Reinforcement Learning. Experimental testing indicates that
ASH-DCRC is superior to current state-of-the-art and
baseline models as it has 98.80% accuracy, 98.50% recall,
and a 97.30% safe-action rate, offers 18.70% energy
efficiency advancement, very low conflict resolution latency
of 0.82 s, and a minimal (0.06) amount of comfort
deviation. These findings prove that the system is able to
stay stable over time, avoids oscillatory corrections, and has
better energy-comfort balance than the selected baseline and
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literature models. Despite being very effective, ASH-DCRC
provides new research opportunities. Future development
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a large-scale, smart, and sustainable basis of the next-
generation cognitive smart-home setting.
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