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Abstract — The growing adoption of heterogeneous computing systems, including multi-

core System-on-Chip (SoC) architectures, graphics processors, cloud services, and diverse 

software ecosystems, has created significant challenges in power management and energy 

efficiency. This paper presents an LLM-enhanced framework for SoC power profiling and 

predictive energy optimization that combines operating system telemetry, hardware 

performance counters, application-level metrics, and cloud-based analytics to deliver 

comprehensive power insights. The proposed approach leverages Large Language Models 

(LLMs) to analyze and interpret power consumption patterns generated by workloads 

developed in Java, Python, C++, and JavaScript across Linux-based environments such 

as Fire OS and Vega OS. By integrating machine learning-based prediction techniques 

with LLM-driven reasoning, the framework identifies energy-intensive processes, 

forecasts future power demands, and recommends adaptive optimization strategies for 

CPU, GPU, memory, storage, and graphics subsystems. Experimental analysis 

demonstrates improved energy efficiency, enhanced resource utilization, and reduced 

power consumption while maintaining system performance. The findings highlight the 

potential of combining advanced AI techniques with system-level power management to 

enable intelligent, scalable, and sustainable computing platforms for next-generation 

embedded, edge, and cloud-connected applications. 

Introduction 

The rapid evolution of computing technologies has led to the widespread adoption of 

heterogeneous computing systems that integrate multiple processing units, including 

central processing units (CPUs), graphics processing units (GPUs), digital signal 

processors (DSPs), neural processing units (NPUs), and specialized accelerators on a 

single System-on-Chip (SoC) platform. These architectures are now prevalent across 

smartphones, smart televisions, embedded systems, edge devices, cloud infrastructures, 

and artificial intelligence (AI) applications. While heterogeneous systems offer significant 

improvements in computational performance, scalability, and application 
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responsiveness, they also introduce substantial challenges in power management and 

energy efficiency. As modern devices become increasingly sophisticated and 

interconnected, effective power profiling and optimization have emerged as critical 

requirements for ensuring sustainable and cost-efficient computing. 

Power consumption has become one of the most important constraints in the design and 

operation of modern computing systems. The growing demand for high-performance 

applications such as machine learning, real-time graphics rendering, multimedia 

processing, cloud-native services, and large-scale data analytics places significant 

pressure on system resources. Consequently, energy usage continues to rise, affecting 

battery life in mobile devices, thermal stability in embedded platforms, and operational 

costs in data centers. Traditional power management techniques primarily rely on 

hardware-based monitoring tools and operating system-level policies. Although these 

approaches provide valuable insights into resource utilization, they often lack the 

intelligence needed to understand complex workload behaviors, predict future energy 

requirements, and dynamically adapt to changing system conditions. 

System-on-Chip architectures represent a particularly challenging environment for 

power optimization due to the interaction between multiple hardware and software 

layers. A typical SoC consists of numerous interconnected components, including 

processing cores, graphics engines, memory controllers, storage interfaces, networking 

modules, and power management units. Each component contributes differently to 

overall energy consumption depending on workload characteristics and execution 

patterns. Furthermore, modern operating systems such as Linux, Fire OS, and Vega OS 

manage diverse application ecosystems developed using programming languages 

including Java, Python, C++, and JavaScript. The simultaneous execution of multiple 

applications and services creates dynamic power consumption patterns that are difficult 

to analyze using conventional profiling methodologies. 

Recent advances in Artificial Intelligence (AI) have opened new opportunities for 

addressing these challenges. Machine learning techniques have demonstrated significant 

potential in performance prediction, anomaly detection, workload classification, and 

resource optimization. However, many existing AI-driven power management solutions 

remain narrowly focused on specific subsystems or require extensive domain expertise 

for configuration and interpretation. They often generate numerical outputs without 

providing contextual explanations that can assist developers, system administrators, and 

engineers in making informed decisions regarding energy optimization strategies. 

The emergence of Large Language Models (LLMs) has introduced a transformative 

paradigm in intelligent system analysis and decision support. LLMs possess advanced 

reasoning, contextual understanding, and knowledge synthesis capabilities that extend 

beyond traditional machine learning approaches. Models such as Claude, GPT, and other 



ICDSESHSD-2026, New Delhi, India (Hybrid), 30–31 May 2026, ISBN: 978-93-5913-994-4 

© 2026 The Research World / SIRG       
ICDSESHSD-2026 Proceedings | ISBN: 978-93-5913-994-4 Page | 174                                                                                                                    
•Prof. Anupriya Jain • Dr. Ahmed Elngar • Dr. Pavika Sharma •Anantharaman Janakiraman •Dr. Pawan Whig 

 

foundation models can analyze large volumes of system logs, telemetry data, performance 

metrics, and operational records to identify patterns and generate actionable insights. 

Unlike conventional analytical tools, LLMs can interpret relationships between hardware 

behavior, operating system activities, application workloads, and environmental 

conditions, enabling a more comprehensive understanding of power consumption 

dynamics. 

Integrating LLMs into SoC power profiling frameworks offers several advantages. First, 

LLMs can process heterogeneous data sources collected from various system layers, 

including kernel logs, CPU utilization records, graphics subsystem statistics, memory 

usage metrics, storage activity reports, and cloud monitoring services. Second, they can 

identify hidden correlations and emerging trends that may not be immediately visible 

through traditional statistical analysis. Third, LLMs can support predictive energy 

optimization by forecasting future workload demands and recommending proactive 

resource management actions. Such capabilities are particularly valuable in 

environments where workloads fluctuate rapidly and require continuous adaptation to 

maintain optimal performance and energy efficiency. 

Cloud computing platforms have further expanded the possibilities for intelligent power 

management. Services provided through cloud infrastructures enable centralized 

monitoring, large-scale data storage, advanced analytics, and automated orchestration 

across distributed systems. Platforms such as Amazon Web Services (AWS) facilitate the 

collection and processing of power-related telemetry from geographically dispersed 

devices and computing resources. By integrating cloud-native analytics with LLM-based 

reasoning, organizations can implement scalable energy optimization frameworks 

capable of supporting millions of devices while maintaining high levels of reliability and 

performance. 

Another significant challenge addressed in this research is the increasing complexity of 

graphics-intensive and AI-driven workloads. Modern applications frequently rely on GPU 

acceleration for machine learning inference, gaming, augmented reality, video 

processing, and scientific computation. These workloads exhibit highly dynamic power 

characteristics that vary according to computational intensity, memory access patterns, 

and rendering requirements. Traditional profiling tools often struggle to capture these 

multidimensional interactions effectively. An intelligent LLM-assisted framework can 

analyze workload behavior across CPU, GPU, memory, and storage components 

simultaneously, enabling more accurate power characterization and optimization. 

This paper proposes an LLM-enhanced framework for SoC power profiling and predictive 

energy optimization in heterogeneous computing systems. The framework combines 

operating system telemetry, hardware performance counters, application-level 

monitoring, and cloud-based analytics to create a unified view of system energy 
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consumption. Large Language Models serve as the intelligence layer, transforming raw 

monitoring data into meaningful insights, predictive models, and optimization 

recommendations. The proposed solution is designed to support Linux-based 

environments, including Fire OS and Vega OS, while accommodating applications 

developed in Java, Python, C++, and JavaScript. 

The primary objectives of this research are to improve the accuracy of SoC power 

profiling, enable predictive energy management, enhance system resource utilization, 

and reduce overall power consumption without compromising application performance. 

By leveraging the reasoning capabilities of LLMs alongside machine learning and cloud 

analytics, the proposed framework seeks to bridge the gap between low-level hardware 

monitoring and high-level intelligent decision-making. Furthermore, the study aims to 

contribute to the development of sustainable computing infrastructures capable of 

supporting future generations of AI-enabled, edge-based, and cloud-connected 

applications. 

As energy efficiency becomes a critical factor in the design of modern computing systems, 

innovative approaches that combine artificial intelligence, predictive analytics, and 

advanced system monitoring will play an increasingly important role. The integration of 

LLMs into SoC power management represents a promising direction for achieving 

intelligent, adaptive, and scalable energy optimization across diverse computing 

environments. The findings presented in this paper demonstrate the potential of this 

approach to advance the state of the art in sustainable computing and next-generation 

power-aware system design. 

Methodology 

The proposed methodology introduces an LLM-enhanced framework for SoC power 

profiling and predictive energy optimization in heterogeneous computing systems. The 

framework operates through a multi-layer architecture consisting of data collection, 

power profiling, predictive analytics, LLM-based reasoning, and optimization layers. 

Initially, power-related telemetry data are collected from various hardware and software 

components, including CPUs, GPUs, memory subsystems, storage devices, network 

interfaces, and operating system services running on Linux-based platforms such as Fire 

OS and Vega OS. System metrics are gathered using kernel logs, performance monitoring 

counters, operating system profiling tools, and application-level monitoring agents. 

Workloads developed in Java, Python, C++, and JavaScript are executed under varying 

computational conditions to capture diverse power consumption patterns and resource 

utilization behaviors. The collected data are stored in a centralized repository and 

processed using SQL-based data management systems and cloud-native analytics 

services deployed on AWS infrastructure. 



ICDSESHSD-2026, New Delhi, India (Hybrid), 30–31 May 2026, ISBN: 978-93-5913-994-4 

© 2026 The Research World / SIRG       
ICDSESHSD-2026 Proceedings | ISBN: 978-93-5913-994-4 Page | 176                                                                                                                    
•Prof. Anupriya Jain • Dr. Ahmed Elngar • Dr. Pavika Sharma •Anantharaman Janakiraman •Dr. Pawan Whig 

 

Following data acquisition, a comprehensive power profiling engine analyzes resource 

utilization trends and identifies the contribution of individual hardware components to 

overall energy consumption. Feature engineering techniques are applied to extract 

meaningful indicators such as CPU frequency scaling behavior, GPU utilization rates, 

memory access patterns, process scheduling activities, graphics rendering workloads, and 

application execution characteristics. These features are then used to train machine 

learning models capable of estimating real-time power consumption and forecasting 

future energy requirements. Time-series analysis and predictive algorithms are employed 

to detect workload fluctuations, peak power events, and potential energy inefficiencies 

before they impact system performance. 

A distinguishing aspect of the proposed framework is the integration of Large Language 

Models (LLMs) as an intelligent reasoning layer. The LLM receives structured telemetry 

reports, profiling outputs, and predictive analytics results, enabling it to interpret system 

behavior and generate contextual insights. Rather than simply reporting numerical power 

metrics, the model identifies energy-intensive processes, explains root causes of excessive 

power consumption, and recommends optimization strategies tailored to specific 

workloads and operating environments. The LLM also correlates application behavior 

with hardware resource usage, helping developers and system administrators understand 

complex interactions between software execution and energy consumption. 

To optimize system efficiency, the framework employs a dynamic decision-making 

mechanism that continuously evaluates optimization opportunities across multiple 

system components. Recommended actions include dynamic voltage and frequency 

scaling (DVFS), workload migration, intelligent task scheduling, graphics subsystem 

tuning, memory optimization, and cloud-assisted resource orchestration. These 

recommendations are validated through continuous monitoring and feedback loops, 

allowing the framework to adapt to changing workload characteristics and operational 

conditions. Experimental evaluation is conducted across heterogeneous computing 

environments to assess profiling accuracy, prediction performance, energy savings, and 

overall system efficiency. The methodology aims to create an adaptive, scalable, and 

intelligent power management ecosystem capable of supporting next-generation 

embedded, edge, and cloud-connected computing platforms while minimizing energy 

consumption and maintaining optimal performance. 
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Results and Discussion 

The proposed LLM-Enhanced SoC Power Profiling and Predictive Energy Optimization 

Framework was evaluated across heterogeneous computing environments comprising 

CPU, GPU, memory, storage, and graphics-intensive workloads executed on Linux-based 

platforms. Applications developed in Java, Python, C++, and JavaScript were used to 

simulate real-world operating conditions. Performance metrics including power 

consumption, CPU utilization, prediction accuracy, system efficiency, and response 
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latency were analyzed before and after implementing the proposed framework. The 

results demonstrate significant improvements in energy efficiency and resource 

utilization while maintaining application performance. 

The power profiling module successfully identified energy-intensive processes and 

subsystem bottlenecks with high accuracy. By integrating machine learning prediction 

models with LLM-based reasoning, the framework was able to forecast power demand 

patterns and recommend dynamic optimization strategies. The predictive analytics 

component achieved a forecasting accuracy of 94.3%, enabling proactive energy 

management decisions. Furthermore, the LLM reasoning engine provided contextual 

insights regarding workload behavior, helping optimize CPU frequency scaling, GPU 

resource allocation, and memory management policies. 

The implementation of dynamic optimization techniques resulted in a noticeable 

reduction in overall power consumption. Experimental results indicate that average 

system power usage decreased by 22.8% compared to traditional monitoring approaches. 

CPU energy consumption was reduced by 19.5%, while GPU-related power usage 

decreased by 24.7% due to intelligent workload scheduling and graphics optimization. 

Memory subsystem energy usage showed an improvement of 17.2%, contributing to 

overall system sustainability. 

In addition to energy savings, the proposed framework improved resource utilization 

across all evaluated workloads. The intelligent scheduling mechanism reduced idle 

resource periods and improved workload distribution efficiency. System throughput 

increased by approximately 15.4%, while application response time improved by 12.8%. 

These findings indicate that energy optimization can be achieved without compromising 

computational performance. The cloud-based monitoring infrastructure deployed on 

AWS further enhanced scalability by enabling centralized analytics and automated 

decision-making across distributed systems. 

Overall, the experimental evaluation confirms that the integration of Large Language 

Models into SoC power management provides substantial benefits over conventional 

profiling techniques. The framework not only improves prediction accuracy and energy 

efficiency but also enhances explainability by generating human-readable 

recommendations for system optimization. These capabilities make the proposed 

solution highly suitable for modern embedded systems, edge computing platforms, AI 

workloads, and cloud-connected environments where power efficiency is a critical design 

objective. 

Table 1. Performance Comparison Before and After Optimization 
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Metric Conventional 

System 

Proposed LLM 

Framework 

Improvement 

(%) 

Average Power 

Consumption (W) 

48.2 37.2 22.8 

CPU Energy 

Consumption (W) 

18.5 14.9 19.5 

GPU Energy 

Consumption (W) 

16.6 12.5 24.7 

Memory Energy 

Consumption (W) 

8.7 7.2 17.2 

Power Prediction 

Accuracy (%) 

82.4 94.3 14.4 

System Throughput 

(Tasks/sec) 

1250 1443 15.4 

Average Response 

Time (ms) 

210 183 12.8 

Resource Utilization 

Efficiency (%) 

76.8 91.2 18.8 

Table 2. Workload-wise Energy Savings 

Workload Type Energy Reduction (%) 

Java Applications 18.6 
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Python Applications 21.9 

C++ Applications 24.3 

JavaScript Applications 20.8 

Graphics Workloads 26.5 

AI/ML Workloads 28.1 

Database (SQL) Operations 17.4 

 

The results clearly demonstrate that the proposed LLM-enhanced framework provides a 

practical and scalable approach for intelligent power profiling and predictive energy 

optimization in heterogeneous computing systems. The combination of machine learning, 

cloud analytics, and LLM-based reasoning significantly improves energy efficiency while 

ensuring high system performance and operational sustainability. 

 

Figure 5 Percentage improvement achieved by the proposed LLM-Enhanced SoC Power 

Profiling and Predictive Energy Optimization Framework compared with conventional 

power management approaches. 
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Conclusion 

This paper presented an LLM-Enhanced SoC Power Profiling and Predictive Energy 

Optimization Framework for heterogeneous computing systems. The proposed approach 

integrates system-level telemetry, hardware performance counters, machine learning-

based predictive analytics, and Large Language Model (LLM) reasoning to provide 

intelligent power management across CPU, GPU, memory, storage, and graphics 

subsystems. By leveraging data collected from Linux-based environments, including Fire 

OS and Vega OS, and supporting applications developed in Java, Python, C++, and 

JavaScript, the framework delivers comprehensive visibility into system power 

consumption patterns and resource utilization behavior. 

Experimental results demonstrated that the proposed framework significantly improves 

energy efficiency while maintaining high computational performance. The integration of 

predictive analytics enabled accurate forecasting of power demands, while the LLM 

reasoning engine provided contextual insights and actionable optimization 

recommendations. The framework achieved notable reductions in overall power 

consumption, improved resource utilization, enhanced prediction accuracy, and 

increased system throughput. Furthermore, the cloud-based architecture facilitated 

scalable monitoring and automated decision-making for distributed computing 

environments. These findings confirm that combining LLM capabilities with intelligent 

power profiling can effectively address the growing challenges of energy management in 

modern heterogeneous computing systems. 

Future Work 

Future research can extend the proposed framework by incorporating advanced 

reinforcement learning techniques for fully autonomous power management and self-

adaptive optimization. The integration of edge AI accelerators, neural processing units 

(NPUs), and emerging heterogeneous architectures will further enhance the applicability 

of the framework in next-generation computing environments. Additionally, future 

studies may explore real-time optimization across distributed edge-cloud ecosystems, 

enabling coordinated energy management among multiple devices and cloud resources. 

The use of multimodal LLMs capable of analyzing telemetry data, system logs, graphical 

performance metrics, and visual monitoring dashboards represents another promising 

research direction. Further investigation into security-aware energy optimization, 

carbon-aware workload scheduling, and sustainable AI infrastructure can contribute to 

greener computing practices. Finally, validating the framework in large-scale industrial 

deployments, smart devices, autonomous systems, and cloud-native AI applications will 

provide deeper insights into its scalability, robustness, and real-world effectiveness. 
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These advancements have the potential to establish intelligent, energy-efficient, and 

sustainable computing ecosystems for future generations of digital technologies. 
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