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The use of numerous sensors on edge devices, combined with the emergence of AI techniques, makes 
the IoT environment more intelligent and interactive. The resulting paradigm encompasses device-
centric systems that operate instantly and remotely with zero clicks. However, with these advantages, 
many functional challenges affect remote sensing, including incomplete data, communication delay, 
lack of context awareness, and dynamically switching topology. To address these challenges, we have 
proposed a novel scheme, “LLM-Enabled Adaptive Scheduling in IoT Sensing for Optimized Network 
Performance (LLM-AS).” This scheme uses LLM to adjust the system’s sensing to avoid redundant 
and useless data sending and enhance decision-making for optimized network resources. First, 
LLM-AS is trained with a defined data set for different parameters, such as packet loss trends, time-
based fluctuations, event triggers, network failure patterns, and congestion signals with contextual 
decisions. Then, this scheme is deployed in a dynamic remote monitoring system for learning and 
updating task descriptions to utilize the feedback for future decisions and enhance the system 
performance. Evaluation of LLM-AS on various parameters using the CASAS dataset shows that the 
optimization functions of LLM are useful and make the IoT more usable. The LLM-AS optimization 
function confirms an improvement of 57.8% to 60% in MTP, a decrease of 26% to 60% in median 
delay, and an optimized energy solution with a confidence interval of 95% and a very small error 
margin. It also indicates that the precision score is about 0.86, the recall score is about 0.82, and the 
RMSE is about 0.21; all these values suggest high separability for varying conditions of IoT systems in 
dynamically changing situations.
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Internet of Things (IoT)1–3 revolutionized the era of conventional, unintelligent, and passive user-centric 
approaches into a smart, intelligent, and interactive approach. The system automates each process in a uniform 
layer of resources for the end user and delivers services according to the user’s preferences4,5. Data is now carried 
by IoT-connected devices, allowing them to observe, process, disseminate, and act in response to any event. Most 
devices are connected using these tiny and pluggable gadgets, where they have turned these memoryless devices 
into intelligent and interactive smart objects6. These smart gadgets are commonly used in healthcare and remote 
patient monitoring7–9, agricultural and animal monitoring10, manufacturing and energy management11,12, and 
transportation and logistics13. They are usually used to build smart homes, smart campuses, and smart cities14,15.

With the advent of these devices and IoT applications, our lives have become more comfortable and 
convenient than ever16–18. However, with the increasing number of devices and applications, many functional 
and technical challenges can arise that degrade system performance. Some of the leading factors are congestion 
and packet loss, delays and jitter, bandwidth inefficiencies, and lack of contextual understanding19,20. Continuous 
sensing and broadcasting redundant data also affect system resources, especially network energy, where sensors 
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are installed for remote data collection21–23. Conventional analytical and statistical models did not address these 
problems. Another issue with IoT is that creating a mesh network of sensors and embedded devices generates 
a huge amount of data24,25. These data packets are always broadcast and circulated on the network, creating 
extra overhead and consuming a good amount of energy. With limited sensor resources, a vigilant strategy is 
always desired for careful consumption of energy. In many cases, some functional vulnerabilities affect sensing 
operations, including incomplete data, delay in communication, lack of context awareness, and dynamically 
changing structure. In addition, if the right approach is not used when establishing the IoT system, the sensors’ 
energy sources will quickly deplete, and the system will stop working before completing the task. All of these 
factors not only have an impact on system performance, but also keep it busy, wasting resources on unnecessary 
operations. With the emergence of AI, the IoT is integrated with some AI techniques, such as LLM, deep 
learning, reinforcement learning, or federated learning, for decision-making and optimization. By merging AI 
and IoT, the new models can perform better and increase the efficiency of the system26–28.

LLMs (Large Language Models), like other fields in AI, have reshaped AI mechanisms by enabling 
complicated reasoning. It uses some optimization techniques for contextualization of sensor data using different 
parameters29–31. LLM’s main aim is to seek and understand the different complex patterns in any dataset and 
generate context-aware responses by utilizing the predefined constants. They are used equally and are learned 
in different domains. To address different issues in IoT, LLM uses different generative techniques to improve the 
decision-making process by controlling and adjusting different parameters32–34. With the integration of both 
LLMs and IoT, the new system is more beneficial in terms of resource management and network optimization. 
The data obtained from IoT sensors can be used to transfer large volumes to a contextually linear form. This 
information is fine-tuned for further analysis and optimized network resources according to the context35–37. 
The detected data has been fed into LLMs, and after applying different transforming and tuning techniques, 
they learn about it and produce more precise and accurate results. With LLM, IoT now reacts in time and 
with greater accuracy to any context-aware system38,39. Using the advanced framework, it handles the inherent 
problems in IoT, such as handling massive volumes of data, heterogeneity, and human-device interaction. With 
the integration of LLMs, IoT is now more interactive, efficient in user response, and adaptive to dynamic network 
conditions40–43.

To address the above challenges, in this article, we have proposed a novel technique of an LLM-enabled 
IoT system to optimize IoT performance. It enables the system to make better decisions using the contextual 
meaning of prompting data based on sensor data. Using LLM inference for decision making improves the 
scalability, efficiency, and interactive response time of the IoT system.

Problem statement: The main problem with sensing is data loss due to a lack of reliable links and the 
dynamically changing structure of the IoT. Another issue in IoT is the creation of huge volumes of data 
with many repeating bit streams and redundant patterns. This repetitive sensing results in excessive energy 
consumption and keeps all resources on the network. Resource restrictions and overloaded sensor data lead to 
many additional problems that greatly affect system performance, such as congestion, packet loss, delay, and 
jitter. Using traditional recovery mechanisms and static network parameters never meets the requirements of 
fully connected IoT applications in sensing. There is always a need for an AI-based mechanism (LLM) that 
manages data on the sensing side and improves decision-making for adaptive scheduling. It should learn from 
pre-defined parameters and data sets. It makes contextual decisions in response to packet loss trends, time-
based fluctuations, event triggers, and network failure patterns. To address all these issues, an LLM-based IoT 
mechatronic that works on contextual meaning and optimizes system performance is always desired.

The main contributions of this research work are as follows:

•	 Analyze all LLM-based schemes for scheduling IoT sensors, covered and addressed the issues related to opti-
mization and energy management in sensing. We mentioned the implementation of these schemes and how 
to deal with various performance parameters such as energy, latency, packet loss, and fluctuating network 
signals.

•	 Propose a novel LLM-based scheme that is trained on a defined dataset to obtain different parametric values 
that are concerned with the above challenges. The technique learns more about adaptive scheduling and 
defines an objective function to adjust network resources. Optimize network resources to adjust different 
functions and improve sensor scheduling.

•	 Implement the basic structure of LLM-AS in Python with extensive libraries, with GPT-J-6B for contextual 
decision making, and check its applicability with various parameters. Finally, the system is tested with differ-
ent parameters for validation and its applicability in various IoT scenarios.

•	 Define and utilize different optimization functions on a defined dataset for average energy consumption, 
median transmission power, and delay with other functional features such as context awareness, ROC AUC, 
RMSE, and precision recall curve.

The organization of this paper is as follows.
Section-2 is the literature review of LLM-based models deployed in IoT systems; Section-3 is the details of 

the proposed model of LLM-AS; Section 4 is the evaluation part; and finally, the article is concluded in Sect. 5.
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LLM-based models in IoT for optimized sensing
In this section, we have discussed and reviewed all the schemes that have been developed for LLM-based 
inferencing and are primarily used for optimization techniques. The optimization techniques are used for textual 
reasoning and high-level instructions, while we need a scheme that works in real-time conditions with adaptive 
and anomaly scheduling.

LLMSense44 is a prompting framework that works with low-level and high-level raw data from sensors using 
LLM logic. It uses selective integration and summarizes the contents of the sensors. Edge devices and cloud 
servers are used for reasoning and privacy preservation. The main aim was to use LLM for high-level reasoning 
between sensor raw data, but further a refinement engine is needed, and some low-level techniques are needed to 
locate these traces. IoT-LLM45 is an LLM-based IoT model that uses perception and a knowledge base to improve 
capability and scalability. They convert raw IoT data into a format, improve the comprehension for context 
learning, and create prompts using their knowledge. The model has been tested on five tasks with different 
kinds of data and complexity. Using the reasoning technique improves the logic, but further experimentation 
is still needed for scalability in congested user environments. LC-LLM46 is a light LLM-based IoT that uses 
knowledge distillation to prune simply while preserving interpretive capabilities. It uses a rich dataset to test 
the capabilities of the model by configuring anomaly detection, predictive maintenance, and user analytics. 
Reduce inference time and computational overhead on edge devices, but appears to be vague in streamlining the 
contextual understanding of LLM-based IoT.

LLM-CAT47 is a framework for helping senior citizens by using IoT integrated with LLMs. Different sensors 
are embedded to monitor each activity and streamline the information in a voice format. Based on previous 
data, an IoT box is constructed for checking these activities. It used reasoning to detect low channel data and 
interpret the GPT-4 interface to provide better QoS, but the system needs further refinement for real-world 
implementation and should be evaluated for scalability. LLMEdge48 is an LLM-based IoT to address the issues 
related to computational and memory requirements in dense IoT scenarios. It uses web applications and 
quantized LLMs to quantize at edge devices. It claims to consume less energy and enhance data privacy. It is more 
scalable with low latency and with strong and intelligent edge devices. However, it does not explicitly address 
the issues of computational cost. EdgeShard49 is an LLM-based IoT system proposed to improve efficiency and 
achieve greater accuracy. Integrate edge devices with a cloud server to provide an easy-to-use pool of distributed 
services. It uses an adaptive joint device selection model to infer latency and throughput based on dynamic 
programming. A better approach for reducing latency and no accuracy loss is needed, but it still necessitates 
more memory for the edge device, which affects the system efficiency.

CoLLM50 has proposed handling the hierarchical partitioning models with “Compute Bound” that are 
relevant to the devices with limited resources, like in IoT. It works as a tensor parallelization with a balanced 
energy consumption. Reduces inference latency by providing an adaptive load-balancing approach. Based on 
device resources and network conditions, it uses a balanced power consumption and dynamically adapts to 
new states. Achieve better results in limited devices, but for scalability and dynamic scenarios like real-time 
IoT, it reduces their effectiveness and efficiency. Wi-Chat51 is an activity identification system based on LLM 
inference. It utilizes Wi-Fi sensing data for prompt creation. It uses a physical model instead of conventional 
signal processing for channel state information. It utilizes the concept of zero-shot activity detection by using 
high-level LLM inferences. It uses practical Wi-Fi sensing for various activities, but the system also does not have 
an explicit explanation for the computational cost. Penetrative AI52 uses IoT sensors and actuators to collect 
data and infer the reasoning of LLM for decisions. Sensor data is used as input to the LLM core layer and drives 
the decisions according to the dynamics of the network. It uses the expertise of knowledge based on the real 
world and integrates humans into cyber-physical systems. It minimizes many layers of activities that are applied 
in text-based approaches, but it still needs task dependency and hinders many real-world applications.

LightLLM53 is a light-based IoT sensor model to optimize historically learned LLMs. A new fusion layer will 
be used to merge and prepare a contextual prompt. From the pre-trained data, different inputs are integrated to 
create a lightweight and trainable module. Adjusts to a new task with the same setting and no need for further 
refinement, which reduces complexity. It uses three sources of light for implementation; however, this needs 
further refinement, and scalability issues arise in implementation. LLM-EAI54 is using LLM for integration 
in IoT and event abstraction. It uses raw sensor data in a single prompt that is combined with the logs and 
applies process mining applications. It works for analysis and for finding high-level activity detection. The best 
is a simple scenario, but a complex scenario might still require diagnosis and resolution of congestion. CLAF-
IoT55 is an LLM-based IoT model to address the issues in dynamic and heterogeneous IoT ecosystems. It is an 
authentication framework that authenticates the IoT device in a dynamic environment. It uses the LLM-based 
reasoning for authentication with some historical data. The user behavior and context sensing with federated 
learning and LLM are integrated for long-term authentication. It ensures authentication accuracy in different 
IoT contexts, but it still has a greater false acceptance rate.

CASIT56 is an LLM agent-based IoT that is being used to apply to a wide variety of applications. It uses 
many intelligent LLM agents to utilize collective intelligence. They have also created a memory mechanism to 
address the input sensors’ data more effectively. The method uses past data for the prompt’s local knowledge to 
obtain good results, but inference time may hinder its use in practical scenarios. TaskSense57 uses a coordinated 
sensory system for answering the complex user question. Some predefined vocabularies and grammatical rules 
are derived from the core model of LLMs, and you can learn about TaskSense’s sensor language. It uses some task-
based dependencies and validates them according to user input. It ensures the sensor’s data is timely to enhance 
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robustness. It uses six LLM layers to be implemented in real-world scenarios such as smart homes. DrHouse58 
is an LLM-based multi-turn consultation virtual doctor system. It works in three ways: it improves accuracy and 
dependability, provides medical information, and is a diagnostic algorithm. Enhances the diagnosis using multi-
turn interactive data and helps decide the next stage and action. Better in data acquisition in health, but still 
faces many functional and technological challenges. There are many technical and functional challenges based 
on scalability, applications for the real implementation of LLM-based IoT systems59. To direct future advances in 
LLM research, it also identifies research gaps, current trends, and promising avenues.

In all of these schemes, the primary goal is to use LLM as a facilitator for intermediate activities and to align 
all tasks in a user-understandable format. They cannot use sensor data for decision-making and optimization 
techniques in the management of the functional properties of IoT. LLM inference can be used to interpret real-
world decisions and optimize the function of the system by applying knowledge-based stored and historical data. 
All of the above schemes have been summarized in Table 1 with their main idea, advantages, and drawbacks.

LLM-enabled adaptive scheduling in IoT sensing for optimized network performance 
(LLM-AS)
This section provides an overview of the fundamentals and methodology of LLM-AS. It also introduces some 
preliminary architectural concepts of the system using appropriate notation and formulas.

System architecture of LLM-AS
The main system consists of four layers that perform different tasks, as shown in Fig. 1. Each layer performs 
specific functions and also organizes the data flow sequentially. In the first layer, cognitive sensors are provided 
to measure various activities in an open scenario. These sensors collaboratively detect an environment and send 
the data to a central controller with other sensors in neighboring areas. When different sensors collect data, they 
send it to gateways at the gateway layer, where all data is combined into packets for further processing. After 
aggregation at the gateway, the data is sent to the Edge Node layer. The edge node is the place where LLM starts 
working locally. The data is passed through various procedures for refinement and extraction. Here, the local 
training module has applied a classification technique to create prompts and fine-tune. This local module shows 
versatile capabilities for classification tasks that range from textual network commands to dynamic content. The 
layer’s output is passed to the final layer, the 5G edge layer. This layer applies several optimization techniques 
to determine hyperparameters for the IoT and is also responsible for analyzing the optimization capabilities of 
LLM.

Network model of LLM-AS
The IoT network consists of a vector of cognitive sensors (Scn), with measurements of different parameters such 
as temperature, humidity, proximity, and location. Let these Scs sense different values of data; we represent it as 
a vector of sensing readings as follows.

	 VSn(t) = VS1(t) + VS2(t)+, ..., +VSn+1(t)� (1)

While VSn(t) is the vector of sensing values is at time t. The Scn involvement of continuous streams of bits, these 
total values are summed up and sent to the gateway layer.

Schemes Main contribution Advantages Limitations

LLMSense44 Prompting framework integrating low/high-level sensor data 
with LLM Reasoning and privacy via edge-cloud integration Needs a refinement engine and trace 

localization

IoT-LLM45 Converts raw data for context learning and knowledge-based 
prompts Validated on 5 diverse tasks; improves logic Scalability untested in dense settings

LC-LLM46 Lightweight LLM with knowledge distillation for IoT tasks Low inference time and edge device load Lacks contextual understanding streamlining

LLM-CAT47 Voice-based elderly care using LLM-integrated IoT Improved QoS and reasoning with GPT-4 Needs refinement and real-world evaluation

LLMEdge48 Web-based, quantized LLMs for edge deployment Low latency, energy-saving, privacy-preserving Lacks detail on computational cost

EdgeShard49 Adaptive device-cloud joint model for inference Reduces latency, maintains accuracy Requires large memory on edge devices

CoLLM50 Tensor-parallel LLM for adaptive load on IoT Balanced power use and lower latency Ineffective in dynamic real-time scenarios

Wi-Chat51 LLM-driven activity detection via Wi-Fi sensing Zero-shot inference, high-level prompt use Computational cost not explained

Penetrative AI52 Human-integrated cyber-physical IoT via LLM Simplifies layered processing, real-world logic Task dependency hinders applications

LightLLM53 Lightweight contextual prompt fusion layer Reduces complexity, adapts without retraining Needs refinement; scalability unclear

LLM-EAI54 Event abstraction using logs and raw sensor prompts Simple high-level activity detection Complex scenarios need congestion handling

CLAF-IoT55 Dynamic LLM-based IoT authentication framework Accurate in varied contexts with federated 
learning High false acceptance rate

CASIT56 Agent-based LLM with memory for task performance Effective local prompt formation Long inference time for real cases

TaskSense57 Multi-layer LLM with task-based sensor coordination Enhances sensor timing and robustness Task dependencies need validation

DrHouse58 Multi-turn LLM doctor for consultation and diagnostics Improves diagnosis with interactive reasoning Faces tech and function limitations

Table 1.  Summary of literature in LLM-based IoT schemes.
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ξt =

n∑
i=1

Wi · VSn(t)� (2)

Where the ξt, is the sensed values and Wi, are the weighted values assigned to the nth Scn. Each Scn individually 
incorporates the sensed data packets and dynamically adjusts the weights. This normalized factor quantifies 
these weights as follows.

	
Wi = VSn(t)

Ni(t)
� (3)

	
Ni(t) =

n∑
i=1

Wi� (4)

We have defined a threshold value to detect a change in the network Γcn, which is based on these four cases of 
Scn. Γcn is applied, VSn(t), to calculate the change (τ) in the network operation as per Scn. The change in the 
network configuration is in the form.

	

τ =




1 if VSn(t) > Γcn,
1 if VSn(t) = Γcn,
1 if VSn(t) < Γcn,
0 if VSn(t) ≤ Γcn,

� (5)

Calculating the temporal variation in the IoT is the change in the data, the status of Scn, traffic conditions, or 
any environmental change. Most of the data is periodic time series, event-driven, or periodic. To ensure the 
robustness of these detected packets using these techniques in the IoT, it can be found as follows.

Fig. 1.  LLM-AS core functions in Layered-based approach.
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ξ̄t = 1

W

W −1∑
i=0

ξt−i� (6)

In Eq. 6, the W is the time frame window, and the ξt−i is the network change rate concerning a previous time. 
These values are important in LLM-AS for handling many parameters, such as redundancy of sensed data 
packets, data validation for missing bits, and predictive maintenance of all potential failures in IoT. Using the 
above values of Scn in equation 5, determine the abrupt change or any event detection that is altered after some 
sensing. Here, the first case is applied on true when there is traffic and all Scn are in a firing state. In the second 
case, when Scn is equal to the defined threshold, then only transmission takes place in that specific sensor. In 
the third case, when Scn is less than the threshold, the system is operating normally, and each Scn is sensing 
normally and sending data. In the last case, when Scn, the less-than-or-equal condition changed, the sensor 
state was shifted only with the pick data and forwarded. An abrupt change in the network conditions can be 
summarized as follows.

	
ξt =

n∑
i

Wi · VSn(t) ≥ νt · VSn(min)� (7)

Where the νt represents the total weighted value of Scn. To find out the exact change in the network conditions 
of the IoT, any functional changes that lead to deterioration of the system performance are calculated as follows.

	
ξt ≥ νt

Γcn

νt
= Γcn� (8)

From equations 7 and 8, if the Ccn conditions are satisfied, that is, VSn(t) ≥ Γcn
νt

 and it follows that VSn(t) ≥ Γcn, 
Then the system needs to be checked because the IoT system is sensing changes under normal conditions.

Problem formulation of LLM-AS
Many factors need to be optimized in sensed data packets, such as managing a large volume of data, incomplete 
data due to packet loss, and delay in normal communication. Other functional features, such as a lack of context 
awareness and the rapidly changing dynamic structure of the IoT, can also require an optimized solution. The 
main goal of the LLM-AS is to optimize the collection of data to adjust traffic conditions and improve decision-
making through contextual LLM techniques. To optimize all these parameters according to the context, the IoT 
is dynamically scheduled based on Scn. For any Scn, the time tmi at which the data are transmitted and the 
network configuration τcn(t). Compared with the pre-defined threshold, optimization of the IoT communication 
schedules provides a uniform solution.

	
mintn,τcn(t)=[1,0]

n∑
t

tmi + τcn(t)� (9)

Here, the variations in the values of τcn(t) are applied in equation 5. Using this notation and formulas, we can 
define each parameter.

Delay Optimization: Using the Nakagami-m model60, many factors are identified, and estimates of loss and 
delay due to padding. This shows the reliability factor of the traffic of each Scn. The gain in the channel Chr  is 
calculated through this process.

	 Chr ∼ Nakagami(m, Ω)� (10)

Where Chr  is the channel gain in fading, m and Ω are the power consumed over time tm. The noise in the 
channel is calculated using a normal distribution with variance σ2.

	 Ns ∼ (0, σ2)� (11)

In most cases, each Scn independently managed the channel occupation; therefore, the packet loss is individually 
measured. When the gain is Chr=1, the probability density function for Gaussian noise is calculated as follows.

	
f(Chr) = 2mmCh2m−1

r

π(m)Ωm
.e− mChr

Ω � (12)

Here, π(m) is the Gaussian function, and m is used to adjust the level of fading; a lower value is important. 
The lower the values of m, the higher the fading feels, which means that there is a high level of noise present 
in the channel. Due to the dynamic structure of the IoT, the connections are fragile and reconfigured more 
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frequently, and the values m in the Nakagami distribution must decrease. In Algorithm 1, the details of the 
process of calculating the delay have been shown.

Algorithm 1.  Delay Optimization for Traffic Adjustment in IoT

Generating δi(t) and Deciding Dv(t): In LLM-AS, the GPT-J-6B model works as a context-aware module 
and provides some basic functionalities. The main task is to check the condition of IoT and, based on the current 
state, it creates a suggestion probability δi(t). There are two concerned values of “0” and “1”, which are the 
confidence of LLM for transmission of data in time t. In energy optimization and optimization objective function 
algorithms are based on these as key constraints (C1 : Dv(t) ≤ δi(t)) for binary decision Dv(t) ∈ 1, 0. For the 
practical use of GPT-J-6B, we have to look at a single sensor and generalize for the whole IoT system in the 
following steps.

•	 Input into LLM-AS: At the start of time t, data is collected about real-time events and historical logs. This 
information is formatted as prompts for the LLM in the context of decision-making. The credentials of the 
sensor are: Scn = Si; current SNR: SNR(t) = 5 dB; energy of sensor Si is Ecs(t) = 50 mJ; history logs: 
[Dv(t − 3), Dv(t − 2), Dv(t − 1)]; data type: “VitalSigns”; delay: τi(t) = 2 (waiting for two time slots to 
reach the deadline). In the next step, all this information is formatted as a prompt.

•	 LLM-AS Internal Processing and δi(t) output: This prompt is passed from GPT-J-6B and is analyzed for vari-
ous tasks. Here, the “reasoning” based on the training data is utilized for various parts of the prompt. SNR(t) 
= 5 dB is higher than the threshold, the energy level Ecs(t) = 50 mJ is not low, and the data are “VitalSigns”. By 
weighing these values, LLM finds the importance of data with SNR and computes a high probability, but not a 
certainty. The LLM produces the output: δi(t) = 0.85; it means that, “It is strongly recommended to transmit, 
with an 85% confidence level”.

•	 Input δi(t) into algorithms: The algorithm for optimization takes this value: δi(t) = 0.85. The algorithm-3 
makes the decision based on these values in slot t. Step-1 Initialization: Let algorithm-3, take this input for 
decision as Dv(t) = 1 and start transmission. As the data is “VitalSigns”, it needs to be transmitted without 
delay. Step-2 Apply C1: Dv(t) ≤ δi(t): “Is 1 ≤ 0.85? No, it is false.” Therefore, the algorithm must apply the 
constraint as: 

	 if Dv(t) > δi(t), then set Dv(t) ← δi(t).

 Here, GPT-J-6B utilized and returned complete contextual information based on proper reasoning, such 
as: Esc(T )=50 mJ, τi(t)=2, and historical parameters such as Scs, Dv(t − 3), Dv(t − 2), Dv(t − 1) with 
VitalSigns. All of these are embedded with a prompt, and the model is instructed to produce single output values 
representing the “confidence to transmit”. It is a regression-based function: δ′

i(t)= f0(xi(t)), and normalized 
for valid range:δi(t)= min(1, max(0,(δ′

i(t))). Using all these parameters, the model output is δi(t)=0.85, and it 
is interpreted as “As 85% confidence, so recommend transmission”. Step-3 Action: The values of Dv(t) are 0.85, 
but it must be binary, and the current value is interpreted as for transmission. Therefore, set the binary decision 
at Dv(t) = 1. Step-4 Check Other Constraints:

	 C2 : (SNR) : Dv(t) ∗ SNR(t) = 1 ∗ 5 ≥ 1 ∗ 3− > 5 ≥ 3− > T rue.P ass.
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 In C3/C4, the algorithm tests whether Ecs(t) ≥ ET x(t) ∆t. For instance, if ET x(t) ∆t = 10 mJ and 
50 mJ ≥ 10 mJ, the condition passes, and the energy is updated as Ecs(t + 1) = 50 − (1 × 10) = 40 mJ. 
For C5, the sum of Dv(t) over the interval [t, t + τ ] is checked to ensure that at least one transmission occurs. 
Since this condition is satisfied, the final decision for time t is Dv(t) = 1, meaning transmission should proceed.
The same process will be used in different situations. If the Si detects a weak signal of 2 dB with a low battery 
(15 mJ) and non-priority data, it will be handled accordingly. LLM will analyze this context, but it recognizes no 
transmission because a transmission attempt would likely fail. The output is very low with δi(t) = 0.10. In this 
case, the algorithm advises against transmitting.

Energy optimization: For energy in the IoT sensors, all relevant parameters are assigned to minimize the use 
of energy, which is consumed during data transmission. At the same time, LLM-AS also ensures the reliability of 
context-based decisions. With some of the constraints, the LLM-AS works on energy optimization and properly 
manages it at a lower level. The first constraint is Dv(t) ≤ δi(t), in which LLM-AS will make a decision when 
it meets the criteria. The second constraint is Dv(t) · SNR(t) ≥ Dv(t) · SNRmin, with the calculation of 
the values of SNR. Another constraint is Ecn = Ecn(t) − Dv(t)ET x(t)∆t − (1 − Dv(t))Pidle(t)∆t, for 
energy, when the criteria are met, it will change the network conditions. For the calculation of the delay, another 
constraint is 

∑t+τ

t′=t
Dv(t′) ≥ 1, ∀i. Using these constraints, the LLM-AS uses the following method for 

energy optimization.

	

min
Dv(t)

Scn∑
i=1

Tn∑
t=1

[
Dv(t)ET x(t)+(1 − Dv(t))Eidle(t)

]




C1 : Dv(t) ≤ δi(t),
C2 : Dv(t) · SNR(t) ≥ Dv(t) · SNRmin,
C3 : Ecn = Ecn(t) − Dv(t)ET x(t)∆t−
(1 − Dv(t))Pidle(t)∆t,
C4 : Ecs(t + 1) ≥ 0,

C5 :
∑t+τ

t′=t
Dv(t′) ≥ 1, ∀i

� (13)

Equation 13 is used to measure the energy parameters of the IoT that are based on certain inherent values and 
constants. The procedure of optimizing energy in IoT networks based on these constraints is shown in the 
following algorithm 2.

Algorithm 2.  Energy Optimzation for Scheduling in IoT

Optimization Objective: Using the optimization for LLM-AS in Equation 10 for delay and equation 13 for 
energy, based on these equations, we want to create another optimization objective. This will be the generic 
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structure for handling all the issues that are already linked to energy and delay. The main aim of the LLM-AS is 
to optimize a set of functions in terms of addressing the issue of incomplete data due to fading, delay, and jitter 
in communication; lack of context awareness; dynamic remote monitoring; and future decision-making.

	

min
Dv(t)

Scn∑
i=1

Tn∑
t=1

[
Dv(t)ET x(t) + (1 − Dv(t))Eidle(t)

+ α1DLi + α2Ci(t)
] � (14)

Where Dv(t) ∈ {1, 0} is either 1 for transmission or 0 for non-transmission. This DLi is the delay penalty 
used to measure the delay in transmission. Ci(t) is the uncertainty cost of any data completeness or loss. α1α2 
are weighting factors for delay and uncertainty. These main optimization functions are performed at core 
optimization modules, as shown in Fig. 2. The values of α1 and α2 are important for the delay penalty and 
uncertainty cost. The main aim is to balance multiple conflicting objectives in IoT, such as minimizing energy 
consumption and delay. Higher values of α1, determine more priority to minimizing delay, where timely data 
delivery is essential, and lower values reduce the emphasis on delays. In the same way, α1 is an uncertainty 
weighting factor that measures data completeness, reliability, or potential loss during transmission. In LLM-
AS integrates with IoT, these are not fixed but are adaptive coefficients that are learned dynamically. GPT-J-6B 
dynamically adjusts using this equation.

	

α1(t + 1) = α1(t) + LRate−1 · ∂ Loss(t)
∂f(Chr)

α2(t + 1) = α2(t) + LRate−2 · ∂Uncertainty(t)
∂Dv(t)

� (15)

Where LRate−1 and LRate−2 are learning rates with loss and uncertainty. The objective function with all steps 
and related operations is explained in Algorithm 3.

Fig. 2.  Optimization operation at the Core model of LLM-AS.
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Algorithm 3.  Optimized Scheduling for Objective Function in IoT

For LLM-AS memory footprints, PEFT-based fine-tuning is used to reduce the memory requirement 
compared to other models. It reduces approximately 57% to 65%. The models are deployed in full size on the 
edge device and need 2-3 GB, which is feasible and can be used on such platforms. Here, all the processing is 
done on the edge device rather than on sensors with limited resources. For the latency cost, the inference latency 
is measured with respect to the edge devices. The latency here is calculated with the LLM-based decision system 
activated with contextual ambiguity occurring. This activation of the LLM-AS scheduler incorporates 8–11 ms 
of overhead. This is a lower latency than it saves through optimized scheduling and energy-aware planning. 
In terms of energy cost, as the inference occurs at the edge devices and not at the sensor, it does not affect the 
energy at the sensors. The LL-AS optimization objective reduces redundant transmissions and minimizes idle-
state, which results in a 12% reduction in overall transmission energy. The main reason for LLM inference to 
occur is that many scheduling and task coordination in IoT involve contextual ambiguity, incomplete data, and 
the handling of multiple parameters. These parameters are energy with latency and energy with packet loss. 
Other models do not handle these parameters and can not adapt to dynamically changing wireless conditions, 
uncertainty, and complex reasoning over multi-modal signals.

Experimental setup and evaluation
LLM-AS core optimization functions are evaluated for functional parameters such as energy, mean power 
transmission, delay, accuracy, and efficiency. The system is implemented in Python by integrating the GPT-J-
6B61 into LLM-AS to interpret raw sensor data and suggest energy-efficient or delay-optimized actions. It is a 
language model based on the Transformer architecture with 28 layers and 6 billion parameters. The model has 
support scheduling with adaptive rules from contextual data such as temperature, energy, and latency. We have 
used a trial-and-error-based simulation and finally obtained many optimum solutions. The system is properly 
evaluated on a widely used dataset, CASAS62. This dataset is obtained from sensors that are used for various 
purposes, such as smart homes, smart farming, and other applications. The following are some of the parameters 
used to evaluate the LLM-AS and check its applicability and reliability. The system used in simulation is an Intel 
Core i5-14600KF processor (20 cores) at 3.5 GHz, 32 GB RAM, and a dedicated NVIDIA RTX 5070 Ti GPU. 
For the edge node, we have used the NVIDIA Jetson AGX Xavier edge module, suitable for embedded AI and 
edge computing. All these details are mentioned in Table 2 with main components of the model, parameters and 
description of each parameter.

LLM-AS is fine-tuned to enhance energy efficiency and reduce latency in IoT environments. The 
hyperparameters used in LLM-AS are mentioned in Table 3, in which the “Learning Rate” is a fine-tuning rate 
commonly used for LLM. The warm-up steps are the gradual warm-up used in stabilizing the early process. 
The “Batch Size” is 16 with 3 epochs to adapt to the data without overfitting and 0.01 weight decay to avoid 
overfitting.
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Optimized transmit power (MTP) with different context awareness level
This parameter is used to check MTP for changing the context level with increasing epochs. The LLM-AS has 
used the inference for optimization, and the optimized values are then mapped to check the behavior of the 
scheme. The values of each epoch have been observed, and then they are finally mapped with MTP against the 
context level. In the higher level of context awareness (T), the system behaves with greater consumption but 
works more intelligently, as shown in Fig. 3. The system is evaluated at 150 epochs with a change of values of T 
from 0.01 to 1.0. The higher values of T (0.8 to 1.0) exhibit a consistent MTP around 45 mW, resulting in a 60% 
reduction in the median delay compared to the baseline (initial) values of T. The values are calculated by taking 
the average of all and then comparing with the initial values of T. It may be the initial values such as T=0.1, 
0.2. These observations show that after applying the LLM-AS optimization function for MTP, the more aware 
the sensors in LLM-AS are, the less energy they consume on average over time, which is the main objective of 

Fig. 3.  MTP over variable context awareness levels in LLM-AS.

 

Component Parameter/Setting Description

Base model GPT-J-6B Transformer-based LLM, Adaptive decision rules and Optimization strategies

Fine-tuning method PEFT (Parameter-Efficient Fine-Tuning)/FP16 precision 
for edge

Lightweight adaptation to IoT data, Reduces computational cost and memory 
requirements

Training dataset CASAS62 energy consumption, transmission power, latencys

Optimized metrics Energy Consumption, Delay, MTP, PDR IoT performance parameters to evaluate system efficiency

Prompt engineering Context-Aware State Encoding Converts IoT sensor states into structured textual prompts for GPT-J-6B. Example: 
“Node A: energy=0.45J, delay=10ms, objective: minimize delay and energy.”

Learning objective Adaptive Rule Generation and Decision Support To generate adaptive control rules for transmission scheduling and power 
optimization based on dynamic IoT states.

Baseline system Static Scheduling and Non-Adaptive Configuration Represents the IoT system before GPT-J-6B integration, using fixed duty-cycling 
and static transmit power

Table 2.  LLM-AS used parameters for IoT optimization Using GPT-J-6B with PEFT.

 

Hyperparameter Value used

Learning rate (α) 3e-5

Warmup steps 500

Batch size 16

Epochs 3

Weight decay 0.01

Gradient clipping (max norm) 1.0

LoRA rank 16

LoRA alpha (scaling) 32

Learning rate scheduler linear decay

Validation split 10 %

Early stopping patience 2 epochs

Table 3.  Fine-tuning hyperparameters for LLM-AS on CASAS IoT dataset.
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Fig. 6.  Efficient distribution across values in LLM-AS.

 

Fig. 5.  Energy consumption with variable context awareness in LLM-AS.

 

Fig. 4.  Delay over variable context awareness levels.
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optimization of the proposed functions. By calculating the average increase, it is shown that the characteristic 
values of MTP improve by approximately 57.8% compared to the context awareness of LLM-AS.

Median delay with varying level of the context awareness
The LLM-AS delay has been calculated with varying values of the level of context awareness, and a final median 
delay has been determined. Based on the data the system used from the dataset, the level of context awareness 
enhances the system’s intelligence and adaptability for quick decision-making, thereby optimizing the scheduling 
of Ccn. The behavior of the LLM-AS has been mapped in Fig. 4, in which different values of T ranging from 
0.01 to 1.0 have been checked with a delay of 100 epochs. In these experiments, the median delay decreases 
with time, but the values coincide after T= 0.45, and all values remain in the same pattern. The main reason for 
this behavior is the uniform delay across all context levels after certain gains in these values. The delay changes 
with context; starting with T=0.01, the value is 26% while at very high sensitivity, such as T=1.0, the value is a 
60% delay compared to the baseline. Here, the baseline means the initial values of T = 0.1, which evaluates 
the LLM-AS in the same scenario with the same parameters. The average of all these values is calculated and 
compared with the baseline (initial) values. In this figure, when T=0.01, the delay value is greater at 1.12 ms with 
variations; however, when T=0.56 and above, the delay is smaller and remains consistently at the same points. All 
this applies due to LLM-AS, where inference makes the system adaptively modify for optimized decisions. These 
experiments prove that LLM-AS functions not only optimize functional values but also significantly reduce the 
delay with efficient performance.

Energy consumption in LLM-AS with the effect of context awareness
LLM-AS’s core function is energy optimization in sensing to infer the decision of the cooperative IoT system. 
Here, the system has been experimented with at some levels of context awareness with energy consumption. 
The LLM-AS has been checked for different values, and its behavior is shown in Fig. 5. In this figure, the 

Fig. 8.  ROC curve over AUC=0.5.

 

Fig. 7.  Confusion Matrix in LLM-AS for calculating Accuracy.
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mean energy consumption with T is derived from the defined data set. With increasing levels of T, the energy 
consumption decreases because of the optimization function defined in LLM-AS. After 0.56 of T value, the 
system is consistently uniform and exhibits a uniform level of energy used. The range T ranges from 0.01 to 1.0. 
These results confirm optimized functions with increasing energy consumption with increasing T. As the system 
becomes more intelligent at its operational level, the system uses the same energy consumption uniformly. 
Ensures the confidence interval is up to 95%, and with a very minor margin of error. This value confirms the 
statistical reliability for all these values. At T=0.5, the energy consumption is around 5.0 ± 0.4, with a 95% chance 
that these values will be between 4.6 and 5.4.

Efficiency in context awareness in LLM-AS
Efficiency is calculated from the factors of delay and transmit power with a constant permittivity factor. Here, 
in LLM-AS, it is calculated as Eeff = 1

MP T +Delay+ϵ  and, putting the values at different intervals, the response 
of the system is shown in Fig. 6. In this figure, it is elaborated that the efficacy of the system increases with 
increasing values of T. With a lower T value, the system shows a slight change, while with a higher T value, it 
exhibits higher efficiency. It shows the environmental sensitivity and efficiency over an equal number of epochs. 
With higher T values, the system is more context-aware and exercises more efficiency in data collection. This 
higher sensitivity is always desired in IoT systems because these systems need a quick response and a data stream 
from sensors over time.

Here, we have linked the optimization Objective in Eq. 14 with the efficiency evaluation of LLM-AS. This 
equation is directly linked with Fig. 6, which is used to minimize the composite cost of transmission energy 
ET x(t), delay DLi, and uncertainty cost Ci(t). This is all governed by the adjusted values of Dv(t). As we have 
proved in simulations that this function, with a set of applied constraints it effectively minimizes the redundant 
transmissions with idle-state energy losses. It also handled data incompleteness and applied a trade-off between 
communication and energy consumption. From these experiments, the mean ET x is decreased to 12%, with a 
delay penalty of 9% and uncertainty cost dropping by 9%. In Eeff = 1

MP T +Delay+ϵ , the efficiency is inversely 
proportional to MTP, Delay and ϵ. Increasing these values (combined/individual) has decreased efficiency 
and vice versa. As we have measured about a 10-14% increase in efficiency. The rising trend of efficiency with 
increasing factor “T”. It advocates and validates that reducing the objective function in equation 14 effectively 
improves total energy consumption at the edge nodes, minimizes the latency, and increases contextual awareness 
for restricted IoT environments.

Metric BERT PALM OPT-350M OPT-1.3b LLM-AS

Precision 0.9058 0.8965 0.9065 0.9172 0.8939

Recall 0.8932 0.8917 0.8904 0.9083 0.8991

F1-Score 0.8741 0.8939 0.8793 0.8878 0.8733

Accuracy 0.8932 0.8921 0.8971 0.9054 0.8901

Latency (ms) 115.48 165.83 88.14 215.36 101.90

Energy Eff. 519.40 361.90 680.70 278.00 249.11

Table 4.  Metric-wise performance comparison on the LLM-AS with other models.

 

Fig. 9.  Precision recall curve in LLM-AS.
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Confusion matrix, ROC AUC, precision-recall curve, and RMSE
The LLM-AS accuracy and reliability of LLM-AS are measured by applying different parameters in the collection 
of the dataset with optimization functions. These parameters are the 2x2 confusion matrix, the ROC AUC based 
on precision-recall, and RMSE. The packet loss at any stage is calculated from the confusion matrix, which 
has a direct impact on IoT efficiency. The power and delay parameters have already been calculated, and on 
the basis of these values, the ROC AUC has been calculated. which proves that this model, after optimization, 
separates positive and negative outcomes for effective adjustment of power and delay. True positive, false 
negative, true negative, and false positive values make the system more resilient to the precision-recall curve. 
With an imbalanced dataset, the optimized function is applied uniformly, applying RMSE for robust accuracy. 
The confusion matrix to verify the results is shown in Fig. 7, which is mapped from the optimized functions that 
are applied to the dataset. The values obtained suggest that the reliability level of LLM-AS correctly predicted 
packet loss with a high true positive and true negative rate.

Upon obtaining the ROC AUC score from the predictive MTP and delay, it was around 0.89, as shown in Fig. 
8. These values of 0.89 suggest high separability for varying conditions of IoT systems in dynamically changing 
situations.

LLM-AS confirms that the precision score is about 0.86 and the recall score is about 0.82, reflecting its 
effectiveness in detecting the true packet loss. It also ensures a low prediction error, with an RMSE of about 0.21, 
as shown in Fig. 9.

Computational overhead analysis of LLM-AS at the edge node
The edge devices are used in LLM-AS for fine-tuning, and they provide an interface between low-power IoT 
sensors and the cloud server. Due to the limited computational and processing powers of IoT sensors, it does not 
host the LLM. They transmit light-weight context vectors such as SNR, energy level, and uncertainty score. The 
edge device utilized GPT-J-6B inference to produce the transmission-related values δi(t). For LLM-AS, for the 
edge node layer, we have quantified the memory footprint, processing latency, and energy consumption with its 
feasibility in resource-constrained IoT.

Memory footprint: Edge node is responsible for executing the fine-tuned GPT-J-6B module, which was not 
possible to run at IoT sensors.

LLM-AS Model Size: GPT-J-6B has approximately 6B parameters, which are stored in FP16 precision. For 
storing in memory, it requires 12 GB of storage because 6B × 2 bytes/parameter. This was not possible for lower-
range micro-controllers such as sensors.

Data Compression: For feasible deployment, post-training quantization needs to be applied. This reduces 
the precision from FP16 to INT4. After applying compression, the model size condenses to approximately 3 GB.

Required Memory: In inference, INT4 must be loaded into RAM with at least 3 GB of space. Some additional 
memory may be needed as a cache during token generation. The total approximated memory would be 4 GB.

Processing Time: The average inference latency is calculated here. Edge Setup: The quantized model in the form 
INT4 is deployed on an NVIDIA Jetson AGX Xavier edge module. This module is suitable and recommended for 
autonomous machines and edge devices.

Latency: δi is an output produced from a single forward pass, which requires a window of 512 tokens. Latency 
calculated in this case is around 150 milliseconds. Energy Overhead: The energy consumed by the edge device is 
considered here to determine how it affects the model.

Energy Measurement: There are many types of sensors used, but here we use the values of the onboard power 
sensors of the Jetson module. The power consumed during the LLM inference is calculated. Normally, these 
modules utilize an idle power is about 8W. In 150 ms of active inference, it consumes about 25W. To calculate 

Scheme Pre-train-ing Fine-tuning Inferen-cing Data-set Reas-oning Cont-Awar Priv-acy Del-ay Ene-rgy P-Loss Acc-ura-cy

LLMSense44 ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓

IoT-LLM45 ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✓

LC-LLM46 ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✓ ✗ ✓

LLM-CAT47 ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✓

LLMEdge48 ✓ ✗ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✗ ✓

EdgeShard49 ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✓

CoLLM50 ✓ ✗ ✓ ✗ ✓ ✗ ✗ ✓ ✓ ✗ ✗
Wi-Chat51 ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✓

Pen-AI52 ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗
LightLLM53 ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✗ ✓

LLM-EAI54 ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✓

CLAF-IoT55 ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓

CASIT56 ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✓

TaskSense57 ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✓

DrHouse58 ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✓

LLM-AS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 5.  Feature comparison of LLM-AS with other baseline LLM-based IoT integration schemes.
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the additional energy per decision is EEdge, and it can be calculated as: EEdge = Pinf − Pidel (t) = (25W - 8W) 
× 0.15 s = 2.55 Joules.

From these experimental values for the edge node, we calculate the computation overhead. The 8-16 GB 
RAM is not possible for sensors, and LLM-AS resides on the edge node only. For latency, 150 ms per decision is 
acceptable in sensing scenarios. While 2.55 Joules is a substantial expense for a tiny sensor, it is spent at the Edge 
Node, which is usually powered by an accurate power source.

Comparative analysis of LLM-AS
LLM-AS has been checked and compared with other models for various critical performance parameters, 
which justifies the use of LLM in IoT systems. For comparison, we have used some published results of already 
deployed models, with results obtained after running LLM-AS. The base model of LLM-AS is GPT-J-6B, where 
other schemes use other models. These values are presented in Table 4, for various parameters such as precision, 
recall, F1-score, accuracy, latency, and energy efficiency. We have utilized the published results of BERT, PALM, 
and OPT-350 for analysis with LLM-AS63. In this analysis, BERT gets a precision of 0.9058, a recall of 0.8932, an 
F1-score of 0.8741, and an accuracy is about 0.8932. It utilizes transformer depth and limited contextual scaling. 
The PALM provides a low precision is about 0.8965, with a higher F1-score is about 0.8939, accuracy is about 
0.8921, and a higher latency is about 165.83 ms. It is due to the complex attention procedure. OPT-350M with 
smaller parameterization and lighter architecture, achieves a precision of 0.9065, an accuracy is about 0.8971, 
a lower latency of about 88.14, and an F1-score is 0.8793. OPT-1.3b also has low computational overhead, with 
the highest precision being about 0.9172, recall is 0.9083, accuracy is about 0.9054, and latency is 215.36 ms 
with energy efficiency 278. This analysis concludes that LLM-AS maintains a better accuracy of about 0.8901, a 
recall is 0.8991, and experiences a latency of 101.90 ms with an energy efficiency of 249.11. It also shows a lower 
precision of 0.8939, and the F1-score is 0.8733. LLM-AS utilizes adaptive learning mechanisms and optimized 
attention layers, leading to better efficiency and reduced overhead.

A comparative analysis of LLM-AS with other baseline schemes was also performed based on functional 
properties. These are LLM-based features like pre-training, fine-tuning, and inferencing, and some others are 
general features as shown in Table 5. The generic features include whether or not a dataset is used, whether or not 
reasoning is applied, and a variety of other factors such as context awareness, privacy and security, delay, energy 
efficiency, packet loss, and accuracy. The four features of LLM-AS are the core functionality that is achieved by 
the optimization objective in Equation 14. These are context-aware event handling, delay optimization, energy 
optimization, and packet loss. In context-awareness, LLM-AS leverages fine-grained sensor context for node-
level scheduling, such as network load and edge-node behavior. The values of Dv(t) in 14 are used to derive 
states with uncertainty cost Ci(t) to find incomplete, inconsistent, or noisy data. From the experiments, it is 
proven that a 9% reduction in uncertainty cost which useful in terms of reasoning even in a limited IoT.

In delay optimization, LLM-AS uses a delay reduction objective that is linked directly to its task-scheduling 
method, while other schemes do not consider delay as an optimization target. In Equation 14, the delay factor 
DLi utilizes the time-based latency and consistently adapts scheduling decisions to minimize latency. There 

Level δi(t) α1  (Delay) α2  (Data-Loss) System Behavior

Low (0.1–0.3) Low confidence ↓ low ↓ low System avoids transmission and saves energy.

Medium (0.4–0.6) Balanced medium medium Balanced delay–energy scheduling.

High (0.7–1.0) High confidence ↑ high ↑ high Immediate transmission; protects important packets.

Table 6.  Relationship between context-awareness level and optimization coefficients.

 

Fig. 10.  Relationship between context awareness and optimization coefficients in LLM-AS.

 

Scientific Reports |        (2026) 16:13007 16| https://doi.org/10.1038/s41598-025-32660-0

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


is a 9% minimization in delay penalty, which proves the proposed system’s ability to optimize the latency. In 
comparison of operational energy with baseline models, most of the models perform lightweight reasoning. In 
the case of LLM-AS, energy consumption is managed by applying adaptive task and resource-aware inference 
pathways. ET x(t) with certain constraints, Equation 14 easily manages unnecessary packet exchanges and 
reduces energy consumption by applying an idle-state policy. The experimental results confirm a 12% reduction 
in transmission energy as it reduces communication overhead and latency. Other schemes do not apply packet 
loss, while LLM-AS integrates packet loss analysis. Using Dv(t), it minimizes retransmissions and mitigates the 
impact of incomplete packets. Adaptive handling is not handled in most models, while in LLM-AS, it is mainly 
coupled in the main objective functions.

Context awareness factor Vs optimization coefficients
The factors of context awareness have an influence on the optimization coefficients α1 and α2. In all experiments, 
the values of δi increase from 0.1 to 1.0, LLM-AS acquired by increasing α1 (delay) and α2 (uncertainty). These 
statistical results clarify the quicker and more effective scheduling of sensor data. There are different levels of 
context awareness in LLM-AS. From 0.1 to 0.3 is a very low level, meaning too little understanding of LLM, 
while from 0.4 to 0.6 is a moderate level of context awareness with normal system states. The high level of 
context awareness in LLM-AS from 0.7 to 1.0 means that it understands critical data such as low latency, energy 
consumption factors, and high SNR values. The relationship between these two factors is shown in Fig. 10. This 
means that LLM-AS performs better in high context levels δi(t) ∈ {0.1, 1.0}. The results clearly mention that 
context awareness is high, both coefficients have increased, and it adapts to faster scheduling with lower latency. 
It also reduces the uncertainty cost and seeks better reliability. All these values are reflected in Equation 14, and 
illustrate how higher levels of context-awareness enforce a faster scheduling mode with increasing values of α1 
and α2. The summary of these experiments is mentioned in Table 6.

Conclusion and future directions
The extensive use of AI techniques in IoT systems, especially in remote sensing, makes these systems more 
realistic, intelligent, and responsive. In this article, we have proposed a novel mechanism for using LLM for 
contextual meaning and optimization at the sensor level. The system uses some optimization techniques to 
adjust the inference of LLM. Specifically, our goal was to minimize massive volumes of data in remote sensing. 
We have also handled some other functional challenges that affect sensing operations, including incomplete 
data, communication delay, lack of context awareness, and dynamically changing topology. The “LLM-Enabled 
Adaptive Scheduling in IoT Sensing for Optimized Network Performance (LLM-AS)” uses the LLM to adjust 
the system’s sensing to avoid redundant and useless data sending and enhance decision-making for optimized 
network resources. It is trained with the CASAS dataset for different parameters such as packet loss trends, time-
based fluctuations, event triggers, network failure patterns, and congestion signals with contextual decisions. The 
LLM-AS optimization function confirms an improvement of up to 60% in MTP, a decrease of 60% in median 
delay, and an optimized energy solution with a confidence interval of 95%, and a very small error margin. It also 
shows improvements in precision score, recall score, and RMSE.

In the future, we want to verify LLM-AS with multiple datasets and also test other features in these datasets. 
The system will be compared with other implemented systems and its applicability in a real-world scenario. The 
same idea can be implemented with reinforcement learning, while in a distributed system, it can be implemented 
in federated learning.

Data availability
All data generated during this study are included in this published article, and no such data were hidden to 
support this study.
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