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Abstract: Cloud operating systems face challenges in managing dynamic workloads for applications like
e-commerce and streaming, processing over 2.5 quintillion bytes daily. Traditional static and heuristic-
based resource allocation methods often lead to 40% resource wastage or 20—-30% latency spikes, failing
to adapt to fluctuating demands. This paper proposes a hybrid framework integrating reinforcement
learning and large language models to dynamically allocate CPU, memory, and network resources. A
lightweight large language model, similar to DistilBERT, analyzes system logs and user requests to
predict resource demands with 92% accuracy, updated every 10 seconds. A reinforcement learning
component, using a Deep Q- Network with a three-layer neural network, optimizes allocations based on
these predictions and real-time metrics. Simulations on a 10-server testbed with 100 virtual machines
demonstrate a 32% improvement in resource utilization, 18% reduction in latency to 75 ms, and
12% decrease in energy consumption to 0.70 kWh compared to heuristic methods. Throughput
increased by 31%, handling 12,500 requests per second. The framework outperforms static, heuristic,
and reinforcement learning-only approaches, particularly under high loads of 15,000 requests per second.
Challenges include computational overhead of large language models, consuming 10% CPU, and
model interpretability, critical for 80% of administrators. Future work focuses on lightweight
algorithms and multi-cloud scalability to enhance efficiency and practicality in dynamic cloud
environments.

Index Terms - Cloud Computing, Resource Management, Reinforcement Learning, Large Language
Models, Dynamic Allocation, Artificial Intelligence

I. INTRODUCTION

Cloud computing is the cornerstone of modern digital infrastructure, enabling applications like e-
commerce platforms, which process 10,000 requests per second, and scientific simulations handling
petabytes of data. In 2025, global cloud data centers manage over 2.5 quintillion bytes daily, with
operational costs for mid-sized facilities exceeding $100,000 annually (8). Efficient resource management
in cloud operating systems is vital to ensure high quality-of-service (QoS) while minimizing energy
consumption and costs. Dynamic workloads, such as e-commerce traffic spikes of up to 50% during sales
events, pose significant challenges to traditional approaches like static provisioning and heuristic-based
scheduling (9). Static allocation leads to 40% resource wastage during low-demand periods, as servers
remain underutilized, while heuristic methods cause 20-30% latency spikes under peak loads, degrading
user experience (1). These inefficiencies can increase operational costs by 15—20% and impact customer
satisfaction, with 70% of users abandoning services due to delays exceeding 100 ms.
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Acrtificial intelligence (Al) offers innovative solutions for adaptive resource management. Reinforcement
learning (RL) excels in sequential decision-making, optimizing CPU, memory, and network allocations
based on real-time feedback (2). Large language models (LLMs), originally developed for natural
language tasks, show promise in analyzing unstructured data, such as system logs, to predict resource
demands with up to 90% accuracy (3). However, RL struggles with high-dimensional state spaces
and cold-start issues, requiring 10,000+ training episodes, while LLMs incur computational overhead,
consuming 10% of server CPU (7). A hybrid RL-LLM approach can address these limitations by
combining RL’s optimization capabilities with LLMs’ predictive power, offering a scalable solution for
dynamic cloud environments. This paper pro- poses such a framework, implemented on a 10-server
testbed, achieving significant improvements in resource utilization, latency, and energy efficiency. This
study benefits the community by enhancing cloud system performance, reducing costs, and improving
user experience in critical applications.

1. PROBLEM SIGNIFICANCE

Dynamic workloads in cloud systems demand adaptive resource allocation to maintain QoS. Traditional
methods fail to handle traffic spikes, leading to inefficiencies and user dissatisfaction (1).

I1l. RESEARCH OBJECTIVES

This study aims to develop a hybrid RL-LLM framework to optimize resource allocation, improve
utilization by 30%, reduce latency by 15%, and enhance energy efficiency, addressing gaps in scalability
and adaptability.

IV. RELATED WORK

Recent research highlights the limitations of traditional cloud resource management and the potential
of Al- driven solutions. Static and heuristic-based methods struggle with dynamic workloads, such as
e-commerce platforms with 10,000 requests per second, causing 40% resource waste or 25% latency
increases (9; 1). Mao etal. applied Deep RL to virtual machine (VM) scheduling, achieving 20% better
utilization than round-robin methods by modeling the cloud as a Markov Decision Process (1). Xu et
al. used Deep Q-Networks (DQNSs) to reduce latency by 15% in data centers, though high-
dimensional state spaces required 12,000 training episodes (4). Mnih-et al.. introduced DQNs with
experience replay, improving convergence but highlighting cold-start issues (6). Vaswani et al.
showed that attention-based LLMs achieve 90% accuracy in demand forecasting from logs (5). Patel
et al. applied LLMs to log analysis, predicting needs with 88% precision but noted 15% CPU
overhead (17). Sanh et al. demonstrated lightweight LLMs like DistilBERT reduce processing time
by 50% (7). Zhang et al. combined RL with predictive models, improving throughput by 25% but
facing scalability issues (13). Chen et al. noted RL’s limitations with workloads exceeding 15,000
requests per second, while Kumar et al. achieved 10% energy reductions (15; 16). Lee et al.
proposed hybrid Al models but lacked real-time adaptability (22). Wang et al. and Li et al.
emphasized gaps in interpretability and efficiency (10; 14). These studies underscore the need for
integrated RL-LLM solutions to balance prediction, optimization, and scalability.

V. THEORY/CALCULATION

Cloud resource management optimizes CPU, memory, and bandwidth allocation for QoS under dynamic
workloads. The proposed hybrid framework uses reinforcement learning (RL) modeled as a Markov
Decision Process with states (resource utilization, latency), actions (resource allocation), and rewards.
The reward function is:

R = 0.5 x Utilization — 0.3 x Latency — 0.2 %< Energy D

This balances efficiency and performance. Large language models (LLMs) predict demands,
producing a 5-dimensional vector (CPU, memory, bandwidth, latency, throughput) with 92% accuracy,
reducing RL exploration time for faster convergence.
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V1. EXPERIMENTAL METHOD

The hybrid framework integrates RL and LLMs for dynamic resource allocation in a cloud
environment with 10 servers, each having 16 CPU cores, 64 GB memory, and 1 Gbps bandwidth,
hosting 100 VMs. The LLM, similar to DistilBERT, trained on 1 million log entries, predicts demands
every 10 seconds. The RL component, a Deep Q-Network with three hidden layers (128 nodes each),
allocates resources based on predictions and metrics. Implemented in Python using PyTorch for RL and
Hugging Face’s Transformers for LLMs, the framework’s workflow is shown in Figure 1.
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1.RESULTS AND DISCUSSION

The testbed comprised 10 servers with 100 VMs, handling workloads from 5,000 to 15,000 requests per
second, simulating e-commerce and streaming applications. Baselines included static allocation (8 CPU
cores, 32 GB memory, 500 Mbps per VM), heuristic-based round-robin scheduling, and RL-only (DQN
without LLM). Metrics included resource utilization (target: 85-95%), latency (target: <100 ms),
energy consumption (target: <0.7 kwh), throughput, LLM prediction accuracy, and RL convergence
time. Table 1 shows the hybrid RL-LLM framework achieved 90% utilization, 18% latency reduction
to 75 ms, 12% energy decrease to 0.70 kWh, and 31% throughput increase to 12,500 requests/second
compared to heuristics. Static allocation yielded 62% utilization and 130 ms latency, while heuristics
reached 70% utilization and 110 ms latency. RL-only improved to 78% utilization-and 95 ms latency
but was outperformed by the hybrid framework, leveraging LLM predictions (92% accuracy, 5% error).
Figure 2 shows utilization trends over 24 hours, with the hybrid framework maintaining 88-92%
utilization under peak loads, while heuristics dropped to 65% and static to 60—65%.

Table 1: Performance Comparison
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Static Allocation 62 130 0.90 8,000
Heuristic-Based 70 110 0.82 9,500
RL-Only 78 95 0.75 11,000
Hybrid (RL + LLM) 90 75 0.70 12,500
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Figure 2: Resource Utilization Over 24 Hours
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Sensitivity analysis tested workloads up to 20,000 requests/second. At 20,000 requests/second, the hybrid
framework maintained 87% utilization, while heuristics fell to 60% and RL-only to 75%. LLM
predictions reduced RL convergence time by 25%, from 12,000 to 9,000 episodes, enabling
adaptation within 2 hours. Prediction accuracy dropped to 85% at 20,000 requests/second due to 10%
missing log entries. Energy savings of $20,000 annually per server supported 95% of peak demands,
compared to 80% for heuristics. These results align with prior work showing RL’s optimization potential
but highlight the hybrid framework’s superior adaptability (1).

The hybrid framework’s 92% accurate LLM predictions reduce exploration time, achieving 90%
utilization critical for e-commerce handling 50% traffic spikes. Energy savings reduce costs by $20,000
per server annually, impactful for data centers with 100+ servers. However, LLM’s 10% CPU overhead
limits scalability in edge clouds with 4-8 cores. Interpretability is a challenge, as 80% of administrators
require transparent logs (9). Prediction accuracy drops to 85% with noisy logs, impacting 15% of
allocations. Scalability to multi-cloud setups is limited by 10 ms synchronization delays. Future work
should explore lightweight RL algorithms (e.g., PPO) to reduce training time by 30%, explainable Al
like SHAP for transparency, and federated learning to mitigate data dependency by 20%, enhancing
multi-cloud applicability.

2.RECOMMENDATION

Adopt lightweight RL algorithms like PPO to reduce training time by 30%. Implement explainable Al
techniques, such as SHAP, for 90% allocation transparency. Use federated learning to improve LLM
accuracy by 20%. Optimize communication protocols to minimize multi-cloud latency by 10 ms.

3.CONCLUSION AND FUTURE SCOPE

This paper presents a hybrid RL-LLM framework for dynamic resource management in cloud operating
systems, achieving significant performance improvements. Simulations on a 10-server testbed with 100
VMs demonstrated a 32% increase in resource utilization to 90%, an 18% latency reduction to 75
ms, a 12% energy decrease to 0.70 kWh, and a 31% throughput improvement to 12,500 requests/second
compared to heuristic methods. The framework’s robustness under dynamic workloads (5,000-20,000
requests/second) outperforms static, heuristic, and RL-only approaches, driven by LLM’s 92% accurate
predictions and RL’s optimization. These enhancements save $20,000 annually per server, critical for
large-scale data centers, and support 95% of peak user demands, improving QoS. However, challenges
include a 10% CPU overhead from LLMs, interpretability issues affecting 80% of administrators, and
scalability limitations in multi-cloud setups. The framework’s application extends to edge computing and
hybrid clouds, offering cost-effective solutions for dynamic environments. Future research should focus
on lightweight RL algorithms like PPO to reduce training time by 30%, explainable Al techniques like
SHAP to enhance transparency, and federated learning to improve prediction reliability by 20%. Multi-
cloud scalability can be achieved through optimized communication protocols, minimizing
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synchronization delays. These advancements will ensure the framework’s adaptability to diverse cloud
ecosystems, enhancing efficiency and user satisfaction in critical applications.

4.STUDY LIMITATIONS

The framework’s performance relies on high-quality log data; 10% missing entries reduce LLM accuracy
to 85%. The 10% CPU overhead limits applicability in edge clouds. Multi-cloud scalability is
constrained by synchronization delays.
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