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Abstract 

The research focuses on the concept of reinforcement learning approach for intelligent page replacement. 

The improvement in “Reinforcement learning (RL)” can lead to enhanced intelligent page replacement with 

the help of enabling systems to improve learning of optimal page eviction policies by experience instead of 

relying on static algorithms such as FIFO or LRU. The objectives of the research include, to develop a 

reinforcement learning agent for enhanced page selection, comparison of performance with Optimal Page 

Replacement benchmark algorithm, adaptability under the varying workload conditions along with long-

term learning efficiency in lowering page faults. “Explanatory research design”, “Positivism research 

philosophy” and “Deductive research approach” has been discussed. This study uses the secondary data 

approach to analyse reinforcement learning based page replacement strategies. Through thematic analysis 

based on peer-reviewed literature, key dimensions such as adaptability, performance optimisation, 

computational complexity and implementation feasibility were reviewed. The research concludes that 

reinforcement learning models can be used for improving page hit ratios and reducing page faults by 

dynamically learning from memory accessibility patterns. However, there are still significant challenges 

related to issues such as scalability, state-space representation and runtime overhead. Overall, reinforcement 

learning shows a lot of promise as an adaptive alternative to the traditional heuristic based page replacement 

techniques used in modern operating systems. 

Keywords: Reinforcement Learning, Page Replacement, Intelligent Page Replacement. 

1. Introduction  

1.1 Context and Background of the Study 

“Reinforcement Learning (RL)” for intelligent page replacement assists in optimising memory management through 

training an agent to make “victim page” selection decisions that assists in increasing long-term rewards such as lower page 

fault rates considering the current memory states. Unlike the fixed algorithms such as FIFO or LRU, RL-based approaches 

learn to adapt to different workloads in real-time that positively impacts in enhancing DRAM hit rates as well as reducing 

workload runtime. According to the ideas of Shi et al. (2023), the replacement strategy is reflected as a “Markov Decision 

Process (MDP)” in which the agent focuses on observing the memory state, receiving feedback along with taking actions. 

On the contrary to this, Lan et al. (2022), approaches often use “value-based DQN (Deep Q-Network)” or “Deep 

Reinforcement Learning (DRL)” to learn optimal strategies from the experience devoid of prior knowledge of the memory 

access patterns. Besides this, it can be noted that Reinforcement Learning agents assist in lowering cache miss rates through 

enhancing learning of complex patterns along with this providing efficient I/O processing instead of traditional algorithms. 

Apart from this, Reinforcement Learning driven systems can aid to achieve superior performance in comparison to the 

heuristic methods, specifically in the scenarios of hybrid main memory. 
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Figure 1.1: Reinforcement learning algorithms 

(Source: Al-Hamadani et al. 2024) 

1.2 Problem Statement 

The problem statement of this research is that static, traditional page replacement algorithms such as “First-In, First-Out 

(FIFO)” and “Least Recently Used (LRU)” often fail to adapt to the diverse and dynamic memory access patterns of the 

different modern applications. In addition to this it can lead to increased page faults, suboptimal performance along with 

higher I/O latency. The noteworthy problem can be the inability of the prior defined, rule-based policies to dynamically 

learn as well as self-tune in response to the switching of application memory access behaviours such as switching iterative 

access patterns and between common. 

1.3 Aim and Objectives of the Study 

Aim 

The aim of this research is to analyse the reinforcement learning approach for intelligent page replacement. 

Objectives 

● To develop a reinforcement learning agent for dynamic page selection. 

● To compare performance with Optimal Page Replacement benchmark algorithm. 

● To evaluate adaptability under varying workload conditions. 

● To assess long-term learning efficiency in reducing page faults 

1.4 Research Questions 

Q1: What are the ways to develop a reinforcement learning agent for dynamic page selection? 

Q2: What is the comparison between performance with Optimal Page Replacement benchmark algorithm? 

Q3: How does adaptability under varying impacts workload conditions? 

Q4: What are the long-term learning efficiency in reducing page faults? 
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1.5 Significance of the study 

The respective research is significant to enhance understanding regarding the memory management systems to 

automatically adapt to the rapidly changing access patterns of application memory in real time. In addition to this, it can 

also lead to lower page faults along with noteworthy performance improvements in data-intensive, modern applications. 

The respective research is also significant in enhancing knowledge regarding the traditional page replacement policies such 

as “Least Recently Used (LRU)” that work appropriately for some applications. However, the traditional page replacement 

policies perform poorly with others, such as “exhibiting iterative memory access” patterns such as graph processing or 

scientific applications (Wu et al. 2024). Furthermore, the research is also helpful in analysing different challenges along 

with strategies to resolve.  

1.6 Brief Review of Relevant Literature 

Based on the perspectives of Kim and Yeom (2022), stated that “Reinforcement Learning (RL)” for intelligent page 

replacement is important as it assists to shift memory management from rule-based heuristics, static such as “Least Recently 

Used - LRU” to self-learning, dynamic systems. In addition to this, that assists in adapting with the changing patterns of 

memory access. However, Thyagaturu et al. (2022), mentioned that this approach also allows operating systems to lower 

the page faults as well as lower the execution time in real-time and eliminating the need for prior knowledge of the 

characteristics of applications. On the contrary, Elias et al. (2024), has highlighted that the “Optimal Page Replacement 

algorithm (OPT or MIN)” is reflected as a theoretical benchmark as it assists to guarantee minimum attainable number of 

page faults for the provided sequence of the memory references.  

 

Figure 1.2: Reinforcement Learning  

(Source: Kleinstreuer and Hartung, 2024) 

Besides this, its performance is also considered as the ideal against all the practical algorithms. Apart from this, Kleinstreuer 

and Hartung (2024), mentioned that adaptability under the varying workload conditions reflects the ability of teams, 

individuals or technical systems in order to adjust processes, approaches along with allocation of resources. In addition to 

this, it assists to effectively manage the fluctuations in demand, avoid negative outcomes such as system failure or burnout 

followed by maintaining performance. Furthermore, adaptability can be reflected as the crucial skill in the dynamic 

environments that are characterised by rapid uncertainty and change (Shafizadeh, 2024).  
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2. Methodology 

2.1 Research Onion 

 

Figure 2.1: Research Onion 

(Source: Saunders and Tosey, 2012) 

2.2 Research Design and Methods Used 

“Explanatory research design” is used in this research as it assists in identifying root causes, filling research gaps, enhancing 

predictive capabilities, high flexibility along with supporting informed decision-making. “Positivism research philosophy” 

assists in generalising the findings with maintaining a well-defined structure (Ali, 2024). In this research, “Positivism 

research philosophy” along with “Deductive research approach” is used that positively impacts in reducing biases in 

research such as analysing reinforcement learning agent for the dynamic page selection or other concepts. 

2.3 Sample Selection and Data Collection Procedures 

This research uses a secondary data collection paradigm to scrutinise the application of RL in intelligent page - replacement. 

Academic sources were identified systematically from reputable scholarly databases, including, among others, from the 

following: Academic sources were searched in the scholarly databases, or databases that allow more in-depth search 

possibilities and more detailed, comprehensive search functionalities. A purposive sampling strategy was used to ensure 

quality of peer-reviewed journal articles and conference proceedings were included. 

The selection criteria focused on the research assembled during the previous ten years that dealt with reinforcement learning 

algorithms, adaptive caching mechanisms, operating system memory management and performance evaluation metrics 

such as page fault rate, hit ratio and computation overhead. Articles that offered empirical comparisons between classical 

page replacement algorithms and approaches based on RLs were given top priority.  

2.4 Tools and Instruments Used 

The frameworks of structured literature review and thematic extraction matrices were the main instruments used in this 

research. A comparative analysis table was designed to catalogue important variables from the selected studies including 

RL model type, state-action representation, reward formulation, learning strategy, and performance reported results. 

In addition to this, there were synthesis tables built to compare traditional heuristic-based algorithms with adaptive RL-

driven policies. These tools helped to organise the work systematically, improve traceability of evidence and ensure that 

the analytical work process was methodologically transparent. 
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2.5 Data Analysis Methods 

This research methodology focuses on thematic analysis of the qualitative results obtained from literature selection. The 

analysis was conducted in a sequential manner that included familiarisation with the data, initial coding, theme 

identification, theme refinement and structured reporting (Naeem et al. 2023). 

 

Figure 2.2: Thematic analysis 

(Source: As inspired by Naeem et al. 2023) 

The themes that are selected for the research mainly emerged around adaptive learning capability, optimisation of 

performance, challenging scalability, state space complexity and computational overhead. Through this approach, recurring 

trends and conceptual associations could be found, allowing to systematically compare the strategies for static page 

replacement with RL-based intelligent models. 

2.6 Ethical Considerations 

All ethical standards were maintained during the research process (Tripathi and v Chaturvedi, 2023). Only publicly 

accessible academic sources were utilised and appropriate referencing practices followed to ensure academic integrity. No 

proprietary system data, confidential data, or human participant data were performed or involved in this study. 

 

Figure 2.3: Ethical considerations 

(Source: As inspired by Tripathi and v Chaturvedi, 2023) 
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2.7 Research Timeline 

Tasks Week 1 Week 2 Week 3 Week 4 Week 5 Week 6 

Initialising the research 
      

Identification research Aim & Objectives 
      

Searching literature and screening data  
      

Data extraction and thematic coding 
      

Comparative analysis and synthesis 
      

Compilation and refinement of research 
      

Table 1: Research Timeline 

(Source: self-made) 

3. Results 

3.1 Research Findings 

The thematic analysis of selected literature led to the identification of four major themes relating to the usage of RL in 

intelligent page replacement systems 

Authors Themes Description 

Moerland et 

al. 2023 

 

 

Souza and 

Freitas, 

2024 

Adaptive Learning and 

Dynamic Decision-

Making 

The findings underline the importance of reinforcement learning to enable 

the dynamic adaptation to changing memory access patterns. RL-based 

models learn the best replacement procedures through constant interaction 

with the system environment (Moerland et al. 2023). Thus RL-based model 

differs from the traditional algorithms such as Least Recently Used (LRU) 

or First In First Out (FIFO) which works with predefined heuristics, By 

modelling page replacement as a Markov Decision Process (MDP) The RL 

agents observe system states such as page reference history and buffer 

occupancy (Souza and Freitas, 2024). After that these agents select actions 

that maximise long term rewards. This adaptive learning capability helps 

in the system to adapt well with the workload variability and reducing 

unnecessary page evictions leading to better memory utilisation. 

Kim and 

Yeom, 

2022 

 

 

Ni et al. 

2023 

Performance 

Improvement in Terms 

of Page Fault 

Reduction 

According to the findings when policies learned from RL learning are 

implemented improvement in performing metrics is clear. Compared to 

classical replacement strategies RL reduces page fault rates and increases 

in page hit ratios (Kim and Yeom, 2022). The reward structure for RL 

frameworks is set up in such a way to penalise page faults and to reward 

correct decisions. In addition, the agent helps to refine the policy so that 

memory swaps incur smaller costs (Ni et al. 2023). This performance 

optimization is especially visible when the access pattern(s) of the 
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environment is/are non-stationary and static algorithms do not generalise 

well. 

Liu et al. 

2024 

 

 

 

Wang et al. 

2022 

State-Space 

Complexity and 

Computational 

Overhead 

Despite performance benefits, major issues regarding scalability and 

computational complexity (Liu et al. 2024). All these issues are pointed out 

by several authors. RL models require thought when it comes to 

formulating state, action space, reward mechanisms. In large scale memory 

systems, the state space can grow exponentially resulting in a growth 

increase in the training time and resource consumption. Deep 

reinforcement learning methods overcome some of these shortcomings 

using the approximation of functions (Wang et ai, 2022). However, then it 

comes with additional computational costs. Such considerations cause 

concern when considering real-time applicability in operating systems 

kernels, where above all you want to be efficient. 

Chen and 

Heydari, 

2024 

 

 

Zhang et al. 

2022 

Implementation 

Feasibility and System 

Integration Challenges 

The efficient embedding of RL models into existing operating systems 

architectures is also very important. Studies are showing that placing the 

learning agents in subsystems for managing memory requires a trade-off to 

be reached between adaptable units and stable systems (Chen and Heydari, 

2024). Issues related to training on convergence, exploration-exploitation 

trading off and runtime overhead must be addressed. Moreover, hybrid 

approaches, which combine heuristics algorithms and RL driven changes, 

are often suggested to improve feasibility and keep performance consistent 

(Zhang et al. 2022). 

Table 2: Thematic Analysis 

(Source: self-made) 

Overall, the results show that reinforcement learning is a promising but complex way to approach intelligent page 

replacement that promises to not only be adaptive and provide better performance but also introduces new challenges in 

the design and implementation of the algorithm. 

 

Figure 3.1: Deep reinforcement learning 

(Source: As inspired by Wang et ai, 2022) 
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3.2 Analysis and Interpretation 

The reinforcement learning approach of intelligent page replacement was analyzed based on the discussion of comparative 

performance studies and simulation-based studies. The interpretation of secondary data was done through the comparison 

of reinforcement learning models and the traditional algorithms Least Recently Used, First-In-First-Out, and the theoretical 

model Optimal Page Replacement. The important parameters of evaluation were page fault rate, hit rate of the cache, 

latency of the memory access and the system throughput. 

According to the interpretation of findings, reinforcement learning redefines page replacement as a decision-making 

problem that occurs sequentially instead of a heuristic task at a specific point (Cui et al. 2024). Through exposure to 

memory access patterns as well as reward feedback to reduce page faults, the learning agent eventually evolves its 

replacement policy. This adaptive measure allows the system to react well to the varying workload properties such as non-

stationary and bursty memory accesses, which tend to be challenging to conventional algorithms. 

In several workload traces, the average page fault rates and better cache efficiency of approaches that used reinforcement 

learning were lower than the heuristic-based approaches. In contrast to other algorithms which are not dynamic and only 

utilize recency or arrival order, reinforcement learning is able to measure the long-term implications of the action performed 

on the replacement (Wang et al. 2023). Nonetheless, the analysis further indicates that the performance increase is also 

affected by the design of state representation and reward engineering. Increasing the state spaces can also lead to an increase 

in computational complexity and can have an influence on the speed of convergence. Although these limitations exist, the 

general view is that reinforcement learning offers a scalable and adaptive architecture to current memory management 

systems especially in dynamically computing systems where workload variability restraints the validity of traditional 

replacement approaches. 

4. Discussion 

Adaptive Learning and Dynamic Decision-Making 

The initial theme that has been observed in the thematic analysis is adaptive learning and dynamic decision-making. The 

page replacement algorithms that were traditionally used, including Least Recently Used and the First-In-First-Out use a 

fixed set of heuristic rules that do not change during execution (Moerland et al. 2023). These strategies make assumptions 

of predictable access patterns of the memory and rely heavily on the locality of time. Though perfect in predictable 

situations, they cannot cope with workload characteristics that vary. 

The reinforcement learning presents a dynamic decision-making machine whereby the page replacement process is 

governed by the interaction between an agent and the environment whose sequence is dynamic. The agent can learn optimal 

replacement policies using methods like Q-learning where the agent is provided with reward signals in the form of reduced 

page faults and an enhanced use of the cache. In the long run, the model changes its policy to optimize the cumulative 

rewards over time, as opposed to short-term ones (Souza and Freitas, 2024). This adaptability facility helps the system to 

react effectively to changing patterns of access, bursty loads and heterogeneous computing requirements. With the 

increased use of cloud platforms and distributed systems in modern computing environments, continuous learning and 

adaptation becomes a very important benefit compared to fixed heuristic approaches. 

Performance Improvement in Terms of Page Fault Reduction 

The second theme revolves around better performance, especially on the reduction of the page fault rates. Page faults are 

very harmful to the system efficiency since they initiate expensive disk input and output processes. The theoretical ideal of 

reducing page faults is the Optimal Page Replacement which is supposed to know the future memory references. 

Reinforcement learning gets close to optimal behavior without the need to know something in the future (Kim and Yeom, 

2022). The learning agent improves its strategy by continually reconsidering the costs of replacement decisions in the long 

run to minimize the number of page faults in the long run. Simulation studies have shown empirically that policies based 

on reinforcement learning have a higher hit ratio in cache, and lower average page fault rate than traditional algorithms. 

The long-term reward optimization system enables the system to trade-off between the instantaneous replacement 

requirements with future performance (Ni et al. 2023). Consequently, reinforcement learning boosts throughput, latency 

and efficiency in using memory in dynamic workloads. 
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State-Space Complexity and Computational Overhead 

The third theme deals with the complexity of state-space and overhead. Although reinforcement learning is flexible and 

offers better performance, it presents serious modeling problems. The management of memory incorporates a myriad of 

variables; the page references, frequency of access, recency data, and system context (Liu et al. 2024). When these factors 

are represented in a structured state space the results may be high-dimensional models. 

As the state space increases in size, learning convergence is computationally intensive. Programs of advanced 

reinforcement learning, particularly with the use of neural networks, demand more processing and consume more memory. 

This can be a performance-degrading factor when the decision latency would be too high. The operating systems used in 

real-time require and demand fast and deterministic responses and efficiency is a big issue. Thus, effective reinforcement 

learning should be performed with meticulous state abstraction, reward engineering as well as optimization of learning 

algorithms to maintain that the computational overhead is manageable. 

Implementation Feasibility and System Integration Challenges 

 

Figure 3.2: Integration Challenges 

(Source: as inspired by Wang et al. 2022) 

The fourth theme emphasizes feasibility of implementation and integration difficulties of systems. This is because 

traditional page replacement policies are entrenched in the operating system kernel because they are easy to understand 

and can be executed deterministically. These architectures need major system-level adjustments to incorporate 

reinforcement learning mechanisms. Difficulties in the designing of reward functions that are in line with system 

performance goals, stability during exploration periods, and performance at different workloads are some of the challenges 

(Wang et al. 2022). Also, the large-scale environment (when it comes to virtualised or cloud infrastructures) requires the 

use of scalable learning frameworks that can handle distributed memory systems. The hybrid methods between heuristic 

baseline strategies and adaptive reinforcement learning elements could present a viable trade-off between intelligence and 

stability. Despite the reinforcement learning showing a significant promise of an intelligent page replacement, the 

effectiveness of its implementation is dependent on effective architecture, computation, and integration considerations 

(Chen and Heydari, 2024). Hence, all the four themes prove that reinforcement learning is an effective means of improving 

adaptability and performance in memory management systems and at the same time adds complexity and implementation 

hurdles that must be well handled. 
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5. Conclusion 

The current research involved the reinforcement learning methodology of intelligent page replacement in the contemporary 

memory management systems. It becomes clear after using thematic analysis that reinforcement learning provides a 

paradigmatic change of the fixed, rule-based replacement policies to adaptive, learning-oriented decision-making models. 

In contrast to classical algorithms like Least Recently Used and First-In-First-Out, reinforcement-based learning allows the 

constant-time policy improvement through the interaction with the ever-changing memory access dynamics. Such 

flexibility makes reinforcement learning an attractive alternative to complicated and unpredictable computing conditions. 

The results show that page replacement strategies, which are based on reinforcement learning, are effective to minimize 

the page fault rates and improve the percentage of hits in the cache memory. Learning agents by modeling memory 

management as a sequential decision-making problem will learn near-optimal behavior like Optimal Page Replacement 

without the need to have prior knowledge of the future memory references. This capability greatly promotes system 

throughput and resource usage especially in cloud computing, distributed architectures and large-scale virtualized systems. 

Nonetheless, there are also practical difficulties related to the application of reinforcement learning mentioned in the study. 

There are large state spaces, computational costs, the reward function structure, and the implementation within the existing 

operating system kernels, which pose significant technical challenges. The trade-offs between flexibility and computational 

performance should be well addressed to provide real-time responsiveness and stability. Although reinforcement learning 

has advantages in terms of long-term optimization, to implement it in practice, lightweight models are needed, and the state 

representation should be optimized, and frameworks should be based on balancing between intelligence and operational 

feasibility. In general, reinforcement learning is a proactive model of intelligent page replacement. It is in line with the 

changing demands of modern computing infrastructures, which need to have adaptive and scale resources management 

mechanisms. Even though the thematic results require additional empirical validation and system-level implementation 

experiments, the thematic results affirm the fact that the reinforcement learning is highly likely to transform memory 

management strategies in the next-generation operating systems. 

5.1 Summary of Key Findings 

The paper shows that reinforcement learning contributes to adaptability in page replacement by facilitating the dynamic 

decision-making process based on the cumulative reward maximization. It continues to enhance performance by 

minimizing page faults as well as enhancing efficiency of the cache under heavy workload conditions. The strategy 

estimates the optimal replacement behavior without making unrealistic assumptions that reference to the future. 

Meanwhile, the computational complexity and integration issues are considered as important considerations in practice. 

5.2 Limitations of the Study 

The study based on the analysis of secondary data and the synthesis of themes rather than the implementation of the primary 

experiments. The differences in the simulation environment, workload traces and reinforcement learning architectures 

restrict the direct comparability of results. There is no actual kernel-level deployment, limiting the inferences about the 

possibilities of operation in a production system. Besides, variations in the hardware settings and the system limitations 

can affect the performance results. 

5.3 Recommendations for Future Research 

Future research should focus on lightweight reinforcement learning models that can be used in real time operating systems. 

With more focus should be put on effective state abstraction methods and powerful reward functions that are congruent 

with system goals. Generalizability would be enhanced by empirical validation by practicing the implementation in cloud 

and edge computing environments. The study of hybrid methodology would be useful to present a balanced and scalable 

solution to smart page replacement in the current computing systems by further investigating hybrid methods that 

incorporate heuristic stability with adaptive learning mechanisms. 
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