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ABSTRACT 

To support diverse application workloads in dynamic environments with performance, energy efficiency, 

reliability and cost constraints, the autonomous intelligent computing platforms must be able to manage 

workloads that are heterogeneous. In the past, there were several challenges to overcome when using 

conventional scheduling methods, such as constantly changing workloads, varying hardware set-ups and 

different service-level targets. In this article, a reinforcement learning (RL) based resource optimization 

framework is proposed, which combines workload characterization, state estimation, adaptive allocation, 

energy-aware scheduling, and energy-driven policy improvement. Resource management is expressed as a 

Markov decision process with processor utilization, memory pressure, availability of accelerators, queue length, 

workload urgency, energy consumption as well as service-level indicators. A composite reward function is used 

to guide a deep reinforcement learning agent to decide resource allocation, task placement, container scaling, 

migration, and prioritization decisions. Constraint-aware action filtering and workload forecasting increases 

the safety and stability of the operations. Evaluation of the framework is conceptual; it includes the following 

metrics: throughput, latency, energy consumption, resource utilization, service-level violation and optimization 

overhead. Comparative numerical values are indicative, and need experimental confirmation. The proposed 

method lays the groundwork for resource management in intelligent cloud-edge infrastructures that is adaptive, 

scalable, and reliable. 
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1. INTRODUCTION 

1.1. Background  

Applications like machine learning, autonomous systems, industrial automation, real-time 

analytics and digital twins are examples of applications that require a lot of computing resources, 

which can be provided by modern intelligent computing platforms. They are deployed in a variety of 

different infrastructures including CPU, GPU, memory, storage, cloud servers, and edge devices, 

where efficient resource coordination is a key requirement for performance, energy efficiency, and 

cost savings. Static allocation, rule-based scheduling, mathematical optimization, and threshold-

based autoscaling are conventional resource management strategies that tend not to fit the needs of 

unpredictable workloads and competing application requirements. As a result, these techniques can 

lead to inefficient usage of resources, slower processing times, higher energy usage, and service level 

breaches during peak periods. Reinforcement learning (RL) is an adaptive method that allows an 

agent to learn resource allocation strategies through interaction with the environment and reward 

feedback. Deep reinforcement learning is another approach that incorporates neural networks with 

RL to handle the high-dimensional state of the system and a wide variety of allocation actions and 

thereby aids with complex decision making. Hence, incorporating RL into autonomous computing 

systems is a promising future approach to dynamically achieve optimal resource utilization, reduce 

operation cost, enhance application responsiveness, and guarantee reliable performance when 

workload conditions vary. 

 

1.2. Problem Statement 

An autonomous intelligent computing platform must be able to allocate heterogeneous 

resources dynamically in response to changing workloads while providing applications with varying 

hardware availability and priorities, as well as varying task execution times and loads, while the 

tasks are subject to uncertainty. The biggest difficulty is creating an intelligent controller that can 

optimize throughput, minimize latency and energy use while meeting service level requirements 

without requiring constant manual monitoring. 

 

 
Fig 1 - Problem Statement and Key Challenges in Reinforcement Learning-Based Resource Optimization for 

Autonomous Intelligent Computing Platforms 
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1.2.1. The Variability of Workloads 

The number of tasks, their processing needs and execution times vary depending on 

application needs and operating conditions. Such fluctuations may lead to certain resources being 

underutilized or unavailable, necessitating adaptive scheduling methods that can effectively navigate 

fluctuating workloads. 

 

1.2.2. Resource Heterogeneity 

The modern computing platform merges CPUs, GPUs, memory systems, cloud servers, and 

edge devices all with varying resources and processing power. To allocate resources efficiently, you 

need to choose the right resources for the job, take into account the compatibility of hardware and 

software, and consider communication needs. 

 

1.2.3. Multi-Objective Optimization 

There are competing goals for throughput and resource efficiency, while reducing latency, 

energy usage and cost. The controller needs to combine these performance metrics in a well-crafted 

reward function to account for the priorities of the applications and the services' level requirements. 

 

1.2.4. Decision Scalability 

In large computing environments, there are many possible allocation and scheduling actions 

and large dimensionality of the state space. The proposed controller should efficiently process system 

information and make quick decisions without adding too much computation overhead when the 

infrastructure grows. 

 

1.2.5. Operational Safety 

Resource allocation should be done with respect to the capacity of hardware resources, task 

priorities, application deadlines, and service level agreements. Hence there is a need for explicit 

feasibility checks and safety mechanisms in the framework to avoid invalid allocations and reliable 

system operation. 

 

1.3. Research Objectives 

The main goal of this research is to design a single reinforcement learning based resource 

optimization application for autonomous intelligent computing platforms which can dynamically 

manage the resources present in a platform while maintaining computational efficiency, energy 

sustainability and operational reliability. The first goal is to model this resource allocation problem as 

a sequential decision making problem by using a Markov Decision Process (MDP), which allows the 

controller to observe the current conditions of the system, choose the proper allocation action, and 

learn from the feedback on the performance of that action. The second goal is to create a deep 

reinforcement learning-based architecture that can adaptively schedule and control resources in 

various computing environments such as cloud data centers and edge computing nodes. This 

architecture seeks to meet the needs of fluctuating workloads, unpredictable resource allocation, and 

evolving application needs. The third goal is to develop a multi-objective reward function which 
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takes into account both throughput, latency and energy consumption, operational cost, use of 

resources and service level agreement compliance. For balancing competing performance 

requirements, appropriate reward weighting and normalization will be used based on the application 

priorities. The fourth goal is to embed constraint-aware action selection and safety enforcement 

mechanisms to avoid infeasible resource allocations, incompatibility of hardware and violation of 

predefined operational limits. The fifth goal is to develop a systematic comparison of the proposed 

framework with the existing resource allocation and threshold-based autoscaling and heuristic 

scheduling approaches under fixed workloads. Task completion latency, aggregate throughput, 

energy consumption per task completed, resource utilization, service-level violation rate, and 

controller overhead will be used to measure performance. The sixth objective is to understand the 

practical implementation requirements to deploy the proposed framework in heterogeneous 

telemetry collection, policy inference, computational overhead management, workload 

generalization and continuous performance monitoring in the cloud-edge environment. Overall, 

these goals are meant to create a scalable and flexible resource management approach that optimizes 

performance while adhering to operational requirements. Further, the research will help establish 

limitations and challenges in implementation by carrying out a systematic evaluation, which will 

serve as a basis for further investigation of reliable, energy-efficient, and autonomous management of 

computing resources. 

 

2. LITERATURE SURVEY 

2.1. Allocation and Scheduling of conventional Resources 

In cloud computing, data centers, edge devices and distributed intelligent platforms, 

conventional resource allocation and scheduling techniques have been a critical part of 

computational resources management. Traditional scheduling algorithms such as First-Come-First-

Served (FCFS), Shortest-Job-First (SJF), Round-Robin (RR) and priority based scheduling are based on 

a fixed set of rules and/or application requirements. While easy to use and have a known behavior, 

such methods can be difficult to scale for dynamic application requirements, diverse computing 

resources, and volatile workloads. Static resource allocation enables applications with fixed 

computational resources and can waste resources in periods of low demand, but on the other hand, 

fail to provide them in periods of high demand. Dynamic threshold-based techniques make them 

more adaptable by scaling resources based on CPU utilisation, memory usage, or network traffic; 

these techniques can result in frequent scaling operations, but they can also cause unnecessary 

scaling operations when they oscillate around predefined thresholds, resulting in higher operational 

costs. Metaheuristic optimization methods, like genetic algorithms or particle swarm optimization, 

can also be used to determine the best allocation strategies by testing several resource configurations, 

but can be too time-consuming for real-time decision-making. Machine learning techniques offer 

enhanced features, such as workload pattern recognition and forecasting resource needs based on 

past data. However, supervised learning techniques rely on good quality training sets and do not 

explicitly maximize system performance over the long-term. An alternative is reinforcement learning 

(RL) which learns allocation policies by continually interacting with the computing environment and 

making decisions based on the cumulative effects of the operation. 
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2.2. Reinforcement learning is the other type of AI applied in scheduling  

Reinforcement learning is a promising technique for intelligent scheduling as it allows 

computing systems to learn intelligent resource management policies based on their experiences and 

feedback. For an RL problem, the agent is given a current state of a system, chooses an action, is 

given a reward (numeric), and then updates its policy to learn from the reward. While classical 

algorithms like Q-learning work well for small and discrete state-action space, deep reinforcement 

learning uses neural networks to tackle complex and high-dimensional computing environments. 

Mao et al. presented an RL-based scheduling system named Decima which learns scheduling policies 

based on the characteristics of workloads and job dependencies for data processing clusters [3]. As 

they show, learning-based methods can be used to enhance scheduling decisions in a setting where 

typical scheduling heuristics can fail in complex execution scenarios. The deep Q-networks (DQN) [4] 

are a hybrid of deep neural networks and Q-learning, used to estimate the action values and help 

decision making in larger state spaces. In policy-gradient methods, the parameterized policy is 

directly optimized, whereas Proximal Policy Optimization (PPO) enhances the stability of the 

training process by using a clipped objective that avoids overly large policy updates [5]. Actor-critic 

architectures are especially helpful in cases where resource allocation includes both discrete and 

continuous controls: workload placement, CPU shares, memory bounds, power control, etc. The 

performance of these algorithms however, relies on the environment, training, exploration strategies, 

and computational load. The choice of the right RL algorithm depends on the workload, resource 

limitations, and goals of the target platform. 

 

2.3. Energy-Aware Cloud and Edge Resource Management 

In an energy-aware resource management, the aim is to minimize the power consumption of 

the computational resources, while keeping the application performance, reliability of services and 

availability of the resource acceptable. For cloud data centers, energy usage is affected by server 

utilization, processor frequency, workload placement, cooling requirements and active number of 

computing nodes. Application consolidation can help save energy by running applications on fewer 

machines and putting unused machines into low-power mode. But too much consolidation can lead 

to greater contention for resources, processing delays, thermal stress, and potential service-level 

agreement violations. Edge computing raises more challenges due to the limited computing power, 

energy supply, and connectivity of edge nodes. Therefore, resource allocation needs to take into 

account not only computation costs but also the communication latency, available bandwidth, energy 

supply, and relative computation power of edge and cloud infrastructures. Reinforcement learning 

can assist these decisions by determining when to run workloads locally, offload workloads to cloud 

servers, and distribute applications across distributed nodes. The use of deep reinforcement learning 

in cloud resource scheduling has already been discussed in literature, and it is proven that it can be 

used to optimize the resource allocation scheme in the dynamic environment of a cloud service [1] 

[6]. However, policies must take into consideration changing workload distributions, scalability, 

inference overhead and energy consumption in order to be practically deployed. Therefore, an 

energy-aware controller should be designed based on a multi-objective optimization approach that 
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optimizes both energy efficiency and application performance, rather than just optimizing on energy 

efficiency. 

 

2.4. Research Gap 

Although substantial development has been made in resource management using RL, there 

still exist some research challenges in autonomous intelligent computing platform. Many of the 

existing solutions focus on individual performance measures such as energy consumption, job 

completion time or response latency, but fail to account for the conflicting demands of throughput, 

utilization, operational cost and service-level agreement (SLA) compliance. Secondly, an RL policy 

that is trained with limited workload may perform poorly in an environment with fluctuating 

demands, widely varying hardware, varying network conditions, or a new application. Third, 

unconstrained policy enforcement may result in unsafe policy enforcement decisions that result in an 

allocation that consumes more CPU, memory, storage, or power than is available, which may 

negatively impact system stability and application reliability. Fourth, the computational burden of 

policy inference, system monitoring and continuous model updating are not always fully accounted 

for in the performance assessment. In order to overcome these limitations, an RL-based resource 

optimization framework which integrates heterogeneous resource monitoring, multi-objective 

reward design, workload-adaptive decision making, and constraint-aware action filtering is 

proposed. The framework assesses the characteristics of the system based on system conditions like 

CPU utilization, memory availability, workload arrival rate, response latency, energy consumption 

and resource requirements, allowing the learning agent to choose appropriate allocation strategies. A 

separate safety enforcement system pre-validates, prior to execution, the proposed actions by the 

agent against the resources' capacity limitations and the operational requirements of the specific 

application. The separation of learned decision making and safety enforcement is designed to 

enhance adaptability and to avoid impossible resource assignments. The proposed direction is thus 

focussed on balance optimisation, operational reliability, and scalability in autonomous computing 

environments. 

 

3. METHODOLOGY 

3.1. Research Framework 

 
Fig 2 - Research Framework 
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3.1.1. Monitoring 

The monitoring module gathers real-time telemetry on the computing nodes, applications, 

and network interfaces to detect resource availability and workload changes. It monitors CPU 

utilization, memory usage, processing delays, and energy usage and service level metrics. The 

gathered information gives a new picture of the computing environment. The accuracy of monitoring 

allows the RL controller to respond appropriately to the different operational conditions. 

 

3.1.2. State Construction 

The gathered telemetry is processed, normalised and converted to a state vector, structured 

for processing by the neural network. The state representation is a weighted mix of resources 

available, workload intensity, queue length, task priority and performance metrics. Normalization 

helps to minimize feature-scale differences and facilitates stable policy learning. The information 

generated in this stage will enable you to make informed decisions about resource allocation. 

 

3.1.3. Policy Inference 

The RL agent is able to analyze the current state and formulate candidate actions, including 

scaling resources, scheduling tasks, moving workloads, and adjusting allocations. It is designed to 

maximize cumulative rewards of performance, energy efficiency and resource utilization. The chosen 

action takes into account workload needs and expected system conditions. This allows for adaptive 

schedules in contrast to static schedules. 

 

3.1.4. Constraint Enforcement 

The constraint enforcement module ensures that every candidate action meets computing 

capacity, memory, power and application-specific service requirements. Actions that are impossible 

to perform are rejected or adjusted prior to execution in order to avoid overcommitting resources. 

The safety rule works outside of the learned policy for safe operations. This approach decreases the 

risk of resource conflicts and service level breaches. 

 

3.1.5. Execution and Feedback  

Once actions are approved, they are executed by the resource management interfaces of the 

platform, and then the impacts of these actions are assessed by new performance and energy metrics. 

The outcomes observed are translated to reward signals to inform later policy improvements. 

Continuous feedback allows the agent to adjust to various workload and resource conditions. 

Districting decision-making from enforcement of execution helps to facilitate scalable, reliable and 

efficient resource optimization. 

 

3.2. Proposed Reinforcement Learning Architecture 

The proposed reinforcement learning architecture aims to adaptively optimise the allocation 

and scheduling of resources in autonomous intelligent computing platforms, which would 

continuously adjust to the varying workloads and heterogeneous resource availability. The system is 

modeled as a Markov Decision Process (MDP):  
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\(\mathcal{M}=(\mathcal{S},\mathcal{A},P,R,\gamma)\). \(\mathcal{S}\) is the set of states, 

\(\mathcal{A}\) is the set of actions, \(P(s_{t+1}|s_{t},a_{t})\) is the state transition probability 

function, \(R(s_{t},a_{t})\) is the reward function, and \(\gamma\) is the discount factor. The 

controller receives observations of the current system state at each decision step \(t\), chooses a 

proper resource allocation action, and gets feedback on the system state based on the performance of 

the action. The state vector is (s_t=[u_t^{cpu},u_t^{mem},u_t^{gpu},q_t,\lambda_t,e_t,l_t,d_t]\), 

which includes the CPU, memory and GPU utilization, the queue length, workload arrival intensity, 

energy consumption, observed latency and deadline or service level pressure. These parameters can 

offer an all-encompassing picture of the computing environment and help the agent determine 

resource constraints, workload fluctuations and possible performance degradation. The action vector 

is defined as \(a_t=[x_t^{place},c_t^{cpu},m_t^{mem},g_t^{gpu},p_t^{prio}]\), the task placement, 

CPU allocation, memory allocation, GPU assignment and task priority, respectively. These decisions 

can resort to action spaces, which can be discrete, continuous or hybrid depending on the computing 

platform. A learning mechanism called an actor-critic architecture is used to discover good resource 

management policies, where the actor proposes actions and the critic predicts the long-term total 

reward to be obtained for taking the action. It could be incorporated as a stability enhancement 

technique for training, known as the proximal policy optimization (PPO) algorithm [5]. The reward 

function can include throughput, latency, energy costs, use of resources and service level compliance 

to promote a balanced optimization. In addition, a constraint-aware action filtering mechanism 

checks the proposed decisions against the physical resource limits and the application requirements 

before being executed. The architecture's goal is to optimize resource usage and minimize operational 

expenses while ensuring consistent performance, all through the process of repeated interactions, 

reward evaluation, and policy updates. The mathematical model that is proposed solves the problem 

of resource allocation in autonomous intelligent computing platforms as an optimization problem 

using constrained reinforcement learning. The goal is to maximize the expected discounted 

cumulative reward over a finite horizon, which in this case is a predefined time \(T\), and reward is 

denoted by \(r_t\) obtained at time step \(t\) and a discount factor \(\gamma\) is used and 

expressed as \(\pi^*=\arg\max_{\pi}\mathbb{E}_{\pi}[\sum_{t=0}^{T} \gamma^t r_t]\). The 

reward function combines several performance metrics like throughput, latency, energy usage, 

operational cost, service level violations and resource usage. It is specified as: 

\(r_t=w_1\widehat{T}_t-w_2\widehat{L}_t-w_3\widehat{E}_t-w_4\widehat{C}_t- _5V_t+w_6U_t\), 

where the normalized variables are their respective performance measures and the \(w_i\) are the 

nonnegative weighting coefficients. These weights are set based on the application needs, enabling 

low latency application, high throughput for batch processing applications and energy efficiency. 

Normalization allows for minimizing the impact of measurement differences on policy learning. 

Physical resource constraints, such as CPU capacity, memory availability, accelerator compatibility, 

task dependencies, and network limitations must be met in the optimization process. The total of all 

allocations to task \(j\) for resource type \(i\) should not exceed the capacity of that resource, which 

is given as \(\sum_{j=1}^{N}c_{ij}(t)\leq C_i\). Likewise, memory allocated should be within the 

memory limitation of the node. The constrained optimization formulation includes allowed resource 

usage and service-level violations. Proximal Policy Optimization (PPO) uses clipped objective that 
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helps prevent too big of steps, and uses the probability ratio and the estimated advantage function to 

make training more stable when learning a policy. The key point to note is that while reward 

optimization can ensure constraint satisfaction this is not sufficient, and the framework explicitly 

includes action validation and safety enforcement prior to the allocation of resources. The integrated 

mathematical formulation enables the balanced performance optimization, operational reliability and 

efficient use of resources under dynamic load conditions. 

 

3.3. Optimization Algorithm and Autonomous Workflow 

 
Fig 3 - Optimization Algorithm and Autonomous Workflow 

 

3.3.1. Initialization  

The computing platform, reinforcement learning policy and resource management 

environment are initialized. Available CPU, memory, GPU, workload limits and trained model 

parameters are set to provide initial operating conditions. 

 

3.3.2. Telemetry Collection 

The monitoring module gathers relevant data from the system such as CPU usage, memory 

usage, availability of GPUs, queue length, response latency, energy usage and service-level 

indicators. These measurements give up-to-the-minute data on resources available and performance 

of the applications. 

 

3.3.3. State Construction and Workload Prediction 

The telemetry gathered is processed and converted to a normalized state vector for the RL 

agent. Resource utilization, task arrival rates, queue conditions and application deadlines are used to 

estimate workload pressure to help decision making on proactive allocation. 

 

3.3.4. RL-Based Action Selection 

RL actor chooses appropriate resource management actions from the current state. These 

include workload placement, resource scaling, CPU and memory allocations, GPU assignment and 

workload scheduling for max performance and energy efficiency. 
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3.3.5. Safety and Feasibility Validation 

The proposed actions are benchmarked to the capacities of the physical resources, to 

hardware compatibility, to priorities for the task, and to constraints on operations. If a decision is 

infeasible, then it is rejected or modified prior to execution to avoid service-level violations and 

resource overcommitment. 

 

3.3.6. Resource Execution and Reward Evaluation 

The validated allocation decisions are implemented; the resulting system performance is 

measured. The reward for assessing the effectiveness of each action is calculated as throughput, 

latency, energy consumption, resource utilization and service-level compliance. 

 

4. RESULT AND DISCUSSION 

4.1. The experimental setup  

A controlled cloud-edge computing environment that includes a combination of computing 

nodes, workload patterns and applications with diverse performance needs should be used to 

evaluate the proposed reinforcement learning based resource optimization framework. The 

experimental setting should encompass typical conditions such as batch processing, latency-sensitive 

services, and computationally demanding AI workloads. A workload trace needs to contain a mix of 

steady state workload, varying resource needs, and sudden bursts of new task arrivals to evaluate the 

adaptability and robustness of the proposed approach. The constraint-aware deep reinforcement 

learning approach is contrasted with four existing resource management strategies: static resource 

allocation, threshold-based autoscaling, heuristic workload-aware scheduling, and the proposed 

constraint-aware deep reinforcement learning approach. All strategies should be executed with the 

same workload traces, the same number of resources, the same priorities, and the same service-level 

agreement (SLA) requirements to make the comparison fair. Multiple runs of each experiment using 

multiple random seeds should be performed to assess variability in workload execution and model 

training and the performance measurements analyzed accordingly. Evaluation metrics include 

average task completion latency, aggregate throughput, energy consumption per completed task, 

resource utilization, SLA violation rate and controller overhead. Throughput is the number of tasks 

successfully completed per unit time and latency is the time to complete the tasks. Energy 

consumption per completed task measures computational efficiency, and resource usage measures 

the effectiveness of use of the available infrastructure. SLA violation rate is the percentage of tasks 

that do not meet the required service level, and controller overhead is the processing overhead for 

controller monitoring and decision making. The amount of improvement should be measured against 

each baseline with the same measurement intervals. If the metric is lower-the-better, percentage 

improvement is calculated as \(I_M=\frac{M_b-M_p}{M_b}\times100\%\), where \(M_b\) is the 

baseline measurement and \(M_p\) is the proposed method measurement. If the metric is higher-is-

better (e.g., throughput) then improvement is defined as \(I_T = 100\% \times \left(\frac{T_p-

T_b}{T_b}\right)\). Last but not least, mean values, confidence intervals and the relevant statistical 

significance tests should be reported to see if the performance differences are reliable. The 

performance improvement is a number and the results will vary depending on the implementation 
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and workload settings, so that the results of the numbers must be shown after experiments or 

validated simulations are done. 

 

4.2. Comparative Percentage Analysis 

The following table presents an illustrative percentage-based comparison, not measurements 

obtained from an implemented experiment. The figures are hypothetical examples intended to 

demonstrate the reporting format and interpretation of a potential evaluation. They must be replaced 

with measured results before the manuscript is submitted as an empirical research article. 

 

Table 1: Illustrative Relative Improvement over Static Resource Allocation 

Performance Metric Threshold-Based 

Scheduling 

Heuristic 

Scheduling 

Proposed Constrained 

DRL 

Throughput improvement 8% 13% 20% 

Latency reduction 10% 16% 24% 

Energy consumption 

reduction 

5% 11% 18% 

Resource utilization 

improvement 

7% 12% 17% 

SLA violation reduction 12% 19% 28% 

 

 
Fig 4 - Illustrative Relative Improvement over Static Resource Allocation 

 

4.3. Discussion of Expected Performance and Limitations 

The proposed architecture is designed to improve decision quality by integrating workload 

observations, long-term reward optimization, and feasibility checks. Its principal expected advantage 

over static scheduling is the ability to adapt allocations when resource demand changes. Compared 

with threshold-based autoscaling, a learned policy can potentially account for interactions between 

multiple resource types and the delayed consequences of allocation decisions. However, these 

benefits are conditional rather than guaranteed. A poorly trained agent may overallocate resources, 

oscillate between configurations, or optimize the reward function at the expense of an inadequately 

represented objective. Reward normalization, representative workload training, and systematic 
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hyperparameter selection are therefore essential. Constraint enforcement is equally important. A 

policy that produces high cumulative reward may still be unsuitable for production if it violates hard 

latency, capacity, or availability requirements. The feasibility layer must be evaluated independently 

by measuring invalid-action frequency, fallback activations, and constraint violations. The controller 

itself introduces inference, monitoring, and training overhead. Consequently, net performance 

should include the resources consumed by the optimization system. A meaningful evaluation must 

also test generalization to unseen workloads, bursty arrivals, node failures, and changing hardware 

availability. Overall, the proposed framework establishes an implementable research direction for 

autonomous resource management. Its practical value must be determined through reproducible 

experiments rather than inferred solely from the mathematical formulation or illustrative 

comparison. 

 

5. CONCLUSION 

The research proposed a reinforcement learning framework for resource optimization in 

autonomous intelligent computing platform that tackles the problem of dynamic workloads, 

heterogeneous computing resources, conflicting performance requirements and operation 

constraints. The proposed architecture equips the system with various capabilities for intelligent and 

automated resource management, such as real-time resource monitoring, deep reinforcement 

learning, adaptive scheduling, and constraint-aware action execution. The resource allocation 

problem was represented as a Markov Decision Process (MDP) and the controller was allowed to 

observe the state of the system, choose an appropriate allocation action, and learn from the 

performance feedback. The framework is based on an actor-critic learning architecture and a 

Proximal Policy Optimization (PPO)-based objective, which enable adaptive decision-making in 

complex computing environments. A multi-objective reward function was designed that takes into 

account throughput, latency, energy consumption, operational cost, resource utilization, and service-

level agreement (SLA) compliance. In addition, explicit capacity constraints and feasibility validation 

mechanisms were added to minimise the possibility of being able to assign an invalid resource and 

enhance operational reliability. The methodology also paved a systematic way for evaluating and 

comparing the proposed approach to static resource allocation, threshold-based autoscaling, and 

heuristic workload-aware scheduling. Average task completion latency, aggregate throughput, 

energy consumption for each completed task, resource utilisation, SLA violation rate, and controller 

overhead are taken into account for performance assessment under consistent workloads. The design 

of the evaluation also focuses on repeat experiments, statistical analysis, and experiments conducted 

at different workload intensities to ensure reliable comparisons. While the proposed architecture is a 

structured basis for adaptive resource optimization, its efficacy needs to be proven by 

implementation and repeatable experiments. Therefore, the illustrative percentage comparisons 

provided in this research should be considered as hypothetical and not experimental results. Future 

scope will include deployment in realistic cloud-edge scenarios, generalizing the policy with unseen 

workloads, and assessing the scalability for various heterogeneous computing nodes. Other research 

will focus on multi-agent reinforcement learning, safe policy adaptation, fault-tolerant resource 

allocation and energy-aware workload migration. Overall, the proposed framework provides a 



 

 
 

ISSN: 3071-5636 
PP: 16-29. 

 

---------------- 

Reinforcement Learning-Based Resource Optimization for Autonomous Intelligent Computing Platforms 

Sai Kishore 

    28

methodology for the design of intelligent, scalable, and constraint-aware resource management 

systems which aim at achieving a balance between the computational performance, energy efficiency, 

operational cost, and service reliability of autonomous computing platforms. 
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