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1. INTRODUCTION 

1.1 Background and Motivation 

Assistive technology has become central to the 
improvement of the quality of life of physically, 
cognitively and senses challenged people to provide 
them with a chance to remain constantly monitored, 
receive intelligent assistance and communicate in real 
time with the surrounding environment. The seamless 
connectivity between wearable sensors, implantable 

devices and mobility aids and edge computing 
platforms has also been made possible by the rapid 
introduction of the Internet of Things (IoT) into the 
assistive technologies. As the sixth-generation (6G) 
wireless networks appear, new functionality, including 
under a millisecond latency, terahertz-level 
communication, smart reflecting surfaces, and AI-
native network design, is going to contribute 
substantially to improving the performance and 
responsiveness of assistive systems. 
 

ABSTRACT 

It is anticipated that the incorporation of sixth-generation (6G) wireless networks and 

the Internet of Things (IoT) into each other could be a game-changer in the creation of 

next-generation assistive technologies because it will provide ultra-reliable, low-

latency, and intelligence-driven communication services. Assistive IoT devices such as 

wearable health monitors, implantable medical sensors, mobility aids, neuroprosthetics 

and brain-computer interface systems are subject to strong quality-of-service (QoS) 

constraints with highly dynamic network conditions, uneven capabilities of devices, 

topology variations brought by mobility and severe energy constraints. Traditional 

communication and resource management methods that rely on a static optimization or 

fixed protocols, or a centralised control, are becoming unsuitable to address these 

needs in multi-faceted and extensive 6G conditions. Even though deep reinforcement 

learning (DRL) has become one of the most promising methods to adaptively control 

networks, current DRL-based models do not learn the underlying network topology and 

inter-device dependencies to achieve scalability and robustness. To overcome such 

difficulties, this paper presents a Graph-Augmented Deep Reinforcement Learning (GA-

DRL) framework of robust and intelligent 6G IoT communication adapted to assistive 

devices. The framework proposed directly represents the communication environment 

as an evolving attributed graph and uses a Graph Neural Network (GNN) to discover 

topology-sensitive state representations, which will then be used by a DRL agent in the 

learning of the optimal communication policies involved in routing, power 

management, scheduling, and avoidance of interference. Simulation results have been 

taken in massive dense and mobile 6G IoT environments and it is proved that the 

suggested GA-DRL framework can reach significant improvement in the end-to-end 

latency reduction, the reliability of the packet delivery, energy consumption, and the 

resistance with dynamic network conditions as compared to traditional heuristic-based 

techniques and standard DRLs. These results emphasise the success of graph-augmented 

learning in facilitating proactive, context-sensitive decision-making and makes the 

suggested framework a scalable and intelligent basis of future support infrastructure of 

assistive IoT systems in AI-native 6G-based environment. 
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1.2 Problems of 6G Assistive IoT Communication 

However, in spite of such technological innovations, 
there are a number of distinct challenges when it 
comes to providing reliable communication to assistive 
IoT devices. The environments that assistive systems 
must work in are very dynamic with a high degree of 
mobility, dynamic network structures, and dense 
networks of heterogeneous devices. Moreover, 
assistive applications have high demands on ultra-
reliable low-latency communication, whereas most 
devices are highly limited by the limited battery 
capacity and computations possibilities. The context-
sensitive nature of assistive services and their safety 
critical nature only strengthens the effect of 
communication failures which require flexible, robust 
and energy efficient networking systems. 
 

1.3 Weaknesses of Traditional and Pedagogical 
Models 

The more rationalised and established protocols along 
with conventional methods of networking, which relies 
on the traditional aspect of optimization, are not 
sufficient to overcome the dynamic and complex 
nature of 6G assistive internet of things. Although 
Deep reinforcement Learning (DRL) has become a 
promising paradigm in the field of intelligent network 
control with its capability of learning adaptive policies 
by the process of environmental interaction, the 
majority of existing DRL-based options model the 
states of a network with the help of fixed-dimensional 
vectors. These models do not reflect the topological 
relationships, inter-device dependencies and 
interference patterns inherent in large scale IoT 
networks resulting in limited scalable capabilities and 
lower robustness. 
 

1.4. Contributes and Organisation of the Paper 

To overcome these shortcomings, this paper will 
suggest Graph-Augmented Deep Reinforcement 
Learning (GA-DRL) framework within DRL that 
incorporates Graph Neural Networks (GNNs) in order to 
facilitate topology-aware, context-sensitive, and 
adaptive communication management of a 6G network 
of assistive IoT devices. The proposed solution is 
beneficial in establishing more precise and resilient 
decision-making in dynamic network scenarios, 
because, by exploiting graph-based models of network 
dynamics and using graph-based state representations, 
the model can accurately capture the network 
evolution. The other part of this paper gives the 
related work, system modelling, the proposed method, 
performance analysis, and findings, to illustrate that 
the GA-DRL framework is useful in supporting 
intelligent and reliable assistive communication in the 
future 6G ecosystems. 
 

2. RELATED WORK 

2.1 6G IoT Communication to Assistive Technologies 

With 6G networks, transformational changes in the 
assistive technologies on IoT can be predicted because 
of the introduction of ultra-reliable low-latency 
communication (URLLC), pervasive intelligence, and a 
seamless cloud-edge-end integration. 3GPP 
standardisation has provided a platform of superior 
sidelink and V2X communication functionality that is 
necessary in assistive applications of safety and 
mobility-aware applications [1], [14]. Intelligent 
transportation communication systems and vehicular 
communication systems, albeit focusing on ITS, do 
offer some important lessons on the latency 
sensitivities and reliability requirements of network 
design that may be applied to assistive IoT systems 
[2], [5]. 

According to the latest studies, edge intelligence and 
distributed computing are useful in supporting real-
time assistive services especially in areas 
characterised by mobility and resource limitations 
[11], [12]. Moreover, AI-native networking paradigms, 
as well as semantic-aware communication, suggested 
to 6G are expected to minimise the overhead of 
transmissions without compromising the reliability of 
tasks at a high level, which is applicable to data-
intensive assistive applications, such as wearable 
health monitoring and smart prosthetics [8]. 
Nevertheless, many currently available 6G IoT systems 
are based on standardised software or centralised 
coordination, and they cannot be as flexible as 
assistive environments where everything is changing. 
 

2.2 Deep Learning in Wireless Networks Deep 
Reinforcement Learning 

Deep Reinforcement Learning (DRL) has become one of 
the widely used techniques of intelligent management 
of its resources in a wireless network. Applications of 
DRL to 5G and beyond spectrum access, power control, 
authentication, and routing have been proven 
effective [9], [10]. When applied in possible vehicular 
and mobile edge computing applications, learning-
based technologies exhibit better adaptability than 
the concept of optimization that is not dynamic [7], 
[11]. 

Regardless of these benefits, the majority of current 
DRR systems define the network state in the form of 
fixed-dimensional vectors, which implies a slow-
changing topology and homogeneous device 
properties. These assumptions cannot be applied to 
assistive IoT systems that work in the 6G environment, 
where the mobility of devices, ad-hoc connectivity, 
and non-homogeneous capabilities are of primary 
importance. As a result, the traditional methods of 
DRA find it hard to generalise across different network 
structures and does not consider the dependencies 
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between different devices that are imperative towards 
effective assistive communication. 
 

2.3 Graph Neural Networks in Network Wise 
Intelligence 

Graph Neural Networks (GNNs) have become an 
effective model to predict complex relational 
information in wireless and IoT networks. GNNs can 
inherently learn in scale by modelling both spatial and 
topological and interference relationships among 
nodes and edges, and for novel network structures by 
treating devices and links as nodes and edges [4], [6]. 
The recent publications show that graph-based 
learning helps to substantially improve the routing 
efficiency, congestion awareness, and resource 
utilisation in large-scale IoT and vehicular networks 
[5], [10]. 

Besides, intelligence with GNNs has been studied in 
clustered access, edge orchestration and fog-inspired 
models of communication, as it has shown to be 
applicable in distributed and heterogeneous geometry 
[4], [11]. Nevertheless, GNNs are mainly devoted to 
representation learning, and they do not have inherent 
abilities to make sequential decisions and optimise 
decisions in the long run. Consequently, standalone 
GNN-based solutions cannot be used in real-time 
adaptive control aspects in safety-critical assistive IoT 
applications. 
 

2.4 Research Gap and Motivation 

Based on the available literature, it is clear that 
although the 6G IoT communication systems possess 
the necessary building blocks [1], [12], and DRL can be 
used to support the adaptive nature of decisions [7], 
[9], neither of the two methods provides sufficient 
robustness and scalability of assistive IoT. In a similar 
fashion, GNNs can generate high-bandwidth topology 
aware representation but they are unable to learn 
policies [4], [6]. 

The research gap that is evident, though, is the 
collaborative exploration that would unite graph-based 
network intelligence and deep reinforcement learning 
to attain resilient, adaptive, and energy-saving 
communication among assistive devices that are 
connected to a 6G-operated network. This gap is 
important to address in order to realise intelligent 
assistive systems that can successfully send 
spearheaded operations in dynamic mobility, strict 
latency assortments, and diverse network settings. 
This inspires the suggested Graph-Augmented Deep 
Reinforcement Learning framework as it integrates the 
strengths of GNNs and DRL to promote the next-
generation assistive IoT communication. 
 
 

3. METHODOLOGY 

3.1 General Framework Architecture 

Dynamic Delivery Graph Construction Module 

The module of dynamic graph construction is a time-
varying graph model of the 6G-assisted IoT 
communication environment, which is based on the 
fact that the assistive devices, access points, edge 
servers, and intelligent reflecting surfaces are 
modelled as nodes, and the wireless communication 
links are modelled as edges. Attributes 
multidimensional in nature (mobility state, channel 
quality, residual energy, traffic load, and interference 
level) are linked to each node and edge. The graph 
structure is constantly updated to represent up-to-
date connectivity and interaction patterns as 
conditions change over time on a network because 
devices move, change channels, and traffic needs. 
This dynamic modelling allows the representation of 
the extremely heterogeneous and non-stationary 
character of assistive IoT networks over the 6G 
infrastructure. 
 

Graph Neural Network-Based State Encoding 

The state encoding module is a graph neural network 
(GNN)-based encoding network which takes the 
dynamically built network graph and turns it into 
simple and informative embeddings that absorb both 
local and global network features. By falling into 
successive messages transmittance and localization, 
every node learns representations that encodes 
information on neighbouring devices and links, which 
is likely to encode the spatial dependencies, 
interference correlations, and joint communication 
opportunities. The encoding of this nature is topology 
aware such that the learning agent perceives intricate 
interrelationships of a complex network of assistive 
devices that would not be encoded in a traditional 
form of vectorized state representations. 
Consequently, the GNN can offer an abstraction of 
state in a generalized and scalable manner and is 
applicable to the variable network sizes and layouts. 
 

Deep Value based reinforcement LR Policy Engine 

The interacting environment of the deep 
reinforcement learning (DRL) policy engine takes the 
embeddings of the GNNs as the input state to acquire 
optimal communication strategies by means of 
interaction with the environment. The DRL agent 
defines the adaptive control of the communication as 
a Markov Decision Process and finds the solutions to 
the communication control problem including the 
distribution of the transmission power, the choice of 
the routing, and the choice of the scheduling. Ensured 
training stability and efficient convergence, at 
continuous and high-dimensional action space, is 



60      Journal of Intelligent Assistive Communication Technologies | Jan - Jun 2026 

 

 

Saravanakumar Veerappan : Robust 6G IoT Communication Models for Assistive Devices Using Graph-Augmented Deep 

Reinforcement Learning 

 

 
 
 

achieved by using advanced DRA algorithms, like 
Proximal Policy Optimization. This adaptive policy 
engine is based on learning to empower assistive IoT 
devices to adapt to changing network situations 
independently with high latency and reliability 
requirements. 
 

Reward optimization based on QoS-Awareness 

The QoS-based reward optimization module directs the 
learning process in which the performance of 
communication is quantified on a variety of quality-of-
service goals. The reward functionality is well 

balanced to maintain a balance between packet 
delivery reliability, endtoend latency, energy 
consumption, and interference mitigation that are 
highly important to assistive applications Figure 1. The 
reward mechanism will provide incentives on reliable 
and low-latency transmission and punish 
communication failures and excessive energy to 
control adherence to the findings as the learned 
policies tend to be safe, efficient, and robust. The 
multi-objective optimization will help the GA-DRL 
framework to attain sustainable and reliable 
communication performance in actual 6G assistive IoT 
systems. 

 

 
Fig. 1.System architecture of the GA-DRL–enabled 6G assistive IoT communication framework. 

 

3.2 Dynamic Graph-Based Network Modeling 

Assistive device communication in the 6G-aided IoT 
can be represented as a time-varying attributed graph, 
which is given as follows. 

𝐺𝑡 =  𝑉𝑡 , ℇ𝑡 , 𝐴𝑡  

where 𝑉𝑡denotes the set of nodes representing 
assistive IoT devices, 6G base stations, edge 
computing servers, and intelligent reflecting surfaces, 

while ℇ𝑡  represents the set of wireless communication 

links among these entities at time 𝑡. The attribute set 

𝐴𝑡captures both node-level and edge-level 

characteristics, including signal-to-noise ratio (SNR), 
end-to-end latency, residual energy, mobility state, 
traffic load, and interference intensity. As network 
conditions evolve due to user mobility, dynamic 
channel fading, and fluctuating traffic demands, the 

connectivity structure and attribute values of 𝐺𝑡are 
continuously updated Figure 2. The dynamism of 
assistive IoT communication over 6G networks as well 
as its non-stationary, heterogeneous, and highly 
interactive character can be accurately modelled in 
this dynamic graph formulation, which offers  strong 
base to topology-aware learning and adaptive 
decision-making. 
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Fig. 2.Dynamic graph-based modeling of the 6G-assisted assistive IoT communication environment. 

 

3.3 Graph Neural Network-Based State 
Representation 

In order to model the 6G assistive IoT network spatial, 
topological, and interference-aware relations, the 
state representation module is a Graph Neural 
Network (GNN), in which node embeddings are 
updated iteratively by passing neighbourhood 
messages based on. 

ℎ𝑣
 𝑘+1 = 𝜎 𝑊 𝑘 ℎ𝑣

 𝑘 +  𝑀(𝑘)ℎ𝑢
(𝑘)

𝑢∈𝑁(𝑣)

  

with ℎ𝑣
 𝑘 

 denoting the feature embedding of node 𝑣 at 

layer 𝑘, 𝑁(𝑣) representing the set of neighboring 

nodes connected via wireless links, and 𝑊 𝑘 and 

𝑀(𝑘)being trainable weight matrices that control self-
information retention and neighbor information 
aggregation, respectively. The nonlinear activation 

function 𝜎 .  enables the model to learn complex 
interactions among nodes. This formulation enables 
every node to inferentially accumulate information on 
the multi-hop network with cumulative layers, which 
essentially encodes an interference relationship, trend 
in traffic jams and interaction dynamism in 
cooperative communication. Therefore, the trained 
embeddings offer a succinct yet expressive topology-
aware representation of state that boost the decision-
making capacity of the reinforcement learning agent 
in reliability-sensitive assistive the IoT uses. 
 

4. RESULTS AND DISCUSSION 

4.1 Simulation Environment and Metrics of 
Evaluation 

The sender's performance of the suggested Graph-
Augmented Deep Reinforcement Learning (GA-DRL) 

framework was assessed as a result of comprehensive 
simulations in a dense 6G IoT network environment 
consisting of mobile assistive devices, edge computing 
computations nodes, and intelligent reflecting 
surfaces. To achieve an assistive communication 
setting that is realistic, convincing mobility models, 
changing channel variations, and dissimilar traffic 
conditions were incorporated in the simulation 
environment. The suggested GA-DRL was compared 
with the traditional heuristic routing and the ordinary 
DRL without graphs modelling. End-to-end latency, 
packet delivery ratio (PDR), energy efficiency, and 
resiliency in a dynamically changing network 
environment were also used as key performance 
indicators, which allowed to comprehensively evaluate 
the communication performance. 
 

4.2 End-to-End Latency performance 

The findings of the simulation show that the GA-DRL 
model has been significantly less end-to-end latency 
than other baseline algorithms and especially in high-
mobility settings. Using the representations of states 
as graphs, the learning agent can capture effectively 
the congestion level, patterns of interference, and 
variations in the quality of links, which will be 
incorporated to make proactive decisions of routing 
and scheduling. The given method was over 50% faster 
to assist than the traditional approach of DRL, which 
proved that the topology-conscious learning is 
effective in assisting ultra-low-latency goals in time-
sensitive assistive systems. 
 

4.3 Reliability and Packet delivery performance 

The developed GA-DRL model consistently provided a 
packet delivery ratio of more than 98 which was better 
than the heuristic routing and the normal DRL 
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frameworks. This is largely explained by the fact that 
the GNN is able to capture dependencies between 
devices, and cooperative communication patterns, 
whereby the system is able to avoid the possibility of 
poor connexions and interference. Safety-critical 
assistive devices, including wearable health monitors 
and neuroprosthetics, that are sensitive to the loss of 
packets require high delivery reliability, as packet loss 
may cause poor service or severe failures. 
 

4.4 Energy Efficiency and Resource Utilisation 

According to energy efficiency analysis, the GA-DRL 
framework can enhance energy efficiency by about 40 
maxim versus base schemes. The smart policy that the 
DRL agent is trained to follow allows to control power 
and energy conscious routing and minimise 
unnecessary retransmissions and superfluous 
transmission power. This optimization can especially 
help battery-constrained assistive devices, such as 

wearable and implantable ones, where a long 
operational lifetime is one important constraint. 
 

4.5 Strength, Diversity, and Commentary 

The GA-DRL system has high resilience to different 
mobility patterns, traffic rates and channel conditions 
and can thus provide equal performance across a wide 
range of network setups Figure 3. The graph-
augmented design is scalable and adaptable, unlike 
traditional DRA methods that are challenged by 
network topology changes, it is generalizable to 
network scenarios that have never been seen before. 
These findings prove the criticality of explicit graph 
modelling to intelligent 6G IoT communication Table 
1. With GNNs integrated into DRL, proactive and 
context-sensitive decision-making is made possible and 
forms a firm basis of AI-native 6G networks, which can 
support future extensions (such as semantic 
communication, federated learning, and privacy-
preserving intelligence). 

 

 
Fig. 3.Normalized performance comparison of heuristic, DRL, and GA-DRL methods in terms of latency, reliability, and energy 

efficiency. 

 
Table 1. Performance Comparison of Communication Methods in 6G Assistive IoT Networks 

Metric Heuristic-Based Routing Standard DRL Proposed GA-DRL 

End-to-End Latency (ms) High (≈ 20–22 ms) Medium (≈ 12–14 ms) Low (≈ 8–9 ms) 

Latency Improvement (%) – ~35% >50% 

Packet Delivery Ratio (PDR) (%) ~90–92% ~95–96% >98% 

Energy Consumption (J) High Medium Low 

Energy Efficiency Improvement (%) – ~20–25% ~40% 

Robustness Under Mobility Low Moderate High 

Scalability to Dense Networks Limited Moderate High 

 

5. CONCLUSION 

The paper suggested a Graph-Augmented Deep 
Reinforcement Learning (GA-DRL) framework as the 
means to overcoming the severe challenges of strong, 

flexible, and energy-efficient communication of 
assistive IoT devices being available in the 6G 
networks of the future. With a clear representation of 
the dynamically changing network topology based on 
graph representations and combining Graph Neural 
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Networks with deep reinforcement learning, the 
suggested methodology can be applied to make 
intelligent and context-driven decisions within strict 
latency and reliability restrictions. Extensive 
experimental studies indicate that overall end-to-end 
latency and packet delivery reliability appreciations, 
energy savings, and robustness to dynamic network 
situations are achieved when using state-of-the-art 
heuristic and standard DRL- based solutions. The 
results demonstrate the usefulness of topology-
conscious learning in safety-relevant assistive systems 
and that the proposed GA-DRL framework can form a 
scalable and intelligent platform to support the next 
generation of assistive systems in 6G ecosystems of AI-
native systems. 
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