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Abstract: The rapid evolution of cloud computing and the advent of quantum cloud environments have 

introduced new challenges and opportunities for task scheduling and resource management. This paper 

presents a comprehensive study of innovative approaches to scheduling and optimization in these dynamic 

environments. We address five key areas: (1) task scheduling in cloud computing using a novel Q-learning-

based framework, (2) application of Deep Reinforcement Learning (DRL) for cloud resource scheduling, (3) 

online scheduling of deferrable jobs to minimize delays, (4) task placement in quantum cloud computing 

using DRL techniques, and (5) cost optimization for workflow scheduling with spot and on-demand 

instances. Each section includes a detailed mathematical formulation that supports the proposed models and 

methods, highlighting their efficiency and effectiveness in addressing real-world problems. Each exploring 

advanced methodologies for task scheduling, resource management, and optimization in cloud computing 

environments. The research spans various innovative applications of reinforcement learning (RL) and deep 

reinforcement learning (DRL) to tackle challenges posed by dynamic workloads, resource constraints, and 

emerging technologies like quantum computing. Each paper introduces unique frameworks, algorithms, and 

experimental insights, contributing to the evolving landscape of cloud computing. 
 
IndexTerms - Reinforcement Learning (RL), Task Scheduling, Deep Reinforcement Learning (DRL), Resource 

Management, Cloud Resource Allocation, Deep Q-Network (DQN) 

 

I. TASK SCHEDULING IN CLOUD ENVIRONMENTS 

 

1.1 Introduction: Cloud computing environments present challenges in task scheduling due to their 

dynamic nature and resource heterogeneity. This paper introduces a Q-learning-based Multi-Task 

Scheduling Framework (QMTSF), designed to optimize task allocation at the server and virtual machine 

(VM) levels. By integrating the Unified Q-learning Reinforcement Learning (UQRL) algorithm, the 

framework adapts to changing workloads while minimizing makespan and task processing times. 

 

1.2 Methodology: 

The QMTSF operates in two stages: 

1. Server Allocation: Tasks are allocated to cloud servers based on server type and availability.  

2. VM Scheduling: An enhanced Q-learning algorithm (UQRL) refines task scheduling at the VM 

level. 

The Q-value table, iteratively updated using the Bellman equation, guides decision-making:  
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Here, represents the Q-value for a state-action pair, is the learning rate, is the reward, and is the discount 

factor. The framework demonstrated significant reductions in makespan and task processing times 

compared to traditional algorithms such as round-robin and particle swarm optimization. The complexity of 

task scheduling in cloud environments has prompted the need for more adaptive and intelligent systems. In 

this research, a novel Q-learning-based Multi-Task Scheduling Framework (QMTSF) is introduced to 

address the dynamic nature of cloud computing tasks and resources. The framework operates in two stages. 

In the first stage, tasks are allocated to cloud servers based on server type and availability, while the second 

stage implements an enhanced Q-learning algorithm, known as UQRL (Unified Q-learning Reinforcement 

Learning). UQRL refines task scheduling at the virtual machine (VM) level, ensuring that tasks are 

allocated to specific VMs in a manner that minimizes makespan and reduces task processing time.  

 

 

1.3 Mathematical insight: 

The decision-making process is guided by a Q-Value table, which is iteratively updated using the Bellman 

equation. This table stores accumulated rewards and is formulated as follows:  

 

                                Q(s,a)←Q(s,a)+α[R+γa′maxQ(s′,a′)−Q(s,a)] 

 

Here, Q(s,a) Q(s, a) Q(s,a) represents the Q-value for state-action pair (s,a) (s, a) (s,a), α is the learning rate, 

R is the reward, and γ is the discount factor. The framework enables the system to adapt to changing 

workloads by constantly updating the Q-values and selecting actions that lead to the best long-term 

outcomes. When compared to traditional algorithms such as round-robin and particle swarm optimization 

(PSO), the Q-learning approach demonstrated a notable reduction in total makespan and average task 

processing time, making it highly effective in high-load cloud environments. 

 

Conclusion: 

QMTSF demonstrates that reinforcement learning can provide intelligent, adaptive scheduling solutions for 

cloud environments, offering improvements in efficiency and scalability. Future work may explore 

incorporating other machine learning techniques for further optimization. 

 

II. APPLICATION OF DEEP REINFORCEMENT LEARNING FOR RESOURCE SCHEDULING 

 

2.1 Introduction: This study explores Deep Reinforcement Learning (DRL) as a solution for resource 

scheduling in cloud environments. By balancing task allocation across multiple resource dimensions, the 

DRL-based model adapts to dynamic changes and achieves better performance than heuristic and meta -

heuristic approaches.  

Resource scheduling in cloud computing is complex due to the need for balancing resource utilization while 

minimizing task delays. Traditional approaches such as heuristic and hybrid algorithms often fail to account 

for the scale and variability of cloud systems. DRL, with its capacity to adapt and optimize, is proposed as a 

superior alternative.  

In cloud environments, resource scheduling is critical for ensuring optimal performance and resource 

utilization, especially when managing complex multi-dimensional tasks. This research introduces a Deep 

Reinforcement Learning (DRL)-based Resource Scheduling Model that dynamically allocates tasks to 

server nodes based on resource availability across multiple dimensions, such as CPU, memory, and disk 

space.  

 

The key challenge lies in balancing the load across servers while minimizing task completion times. To 

address this, a scheduling framework is developed using DRL, where the system learns and adapts to real -

time changes in the resource environment. The model takes into account the parameters matrix  

For classic approaches, the most commonly utilized methods in surveyed literature are heuristic, meta-

heuristic and hybrid algorithms. Thus, we mainly review these three types of algorithms to assist the later 

review and discussion on the application of DRL in Cloud scheduling. 
 

1) heuristic:  

Heuristic is an algorithm to solve an optimization problem based on intuitionistic or empirical construction. 

Due to their lower complexity, heuristic algorithms are prevalent in some scenarios with a clear evaluation 
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function requiring rapidity but not requiring high optimization results. Additionally, the worst-case of 

heuristic algorithms is generally predictable hence with a lower risk of improper allocation  

 

2) meta-heuristic: 

Meta-heuristic algorithms blend heuristic techniques with randomization to solve optimization problems. 

Key examples include Ant Colony Optimization (ACO), Particle Swarm Optimization (PSO), Genetic 

Algorithm (GA), and others. While meta-heuristic algorithms are more flexible and capable of handling 

complex problems compared to traditional heuristics, they also introduce higher computational complexity 

and randomness. Despite simplifying calculations with ideal assumptions, these algorithms face challenges 

in accurately reflecting real-world scenarios. 

 

3) hybrid algorithms: Some other classic algorithms used in Cloud scheduling mainly contain DP, 

Random algorithms, and hybrid algorithms (combining two or more algorithms). Among them, hybrid 

algorithms are also widely used in solving complex scheduling problems in Cloud computing. Hybrid 

algorithms can combine the advantages of multiple algorithms to produce better solutions. 

 

The use of machine learning (ML) in cloud scheduling includes various methods such as deep learning 

(DL), reinforcement learning (RL), and deep reinforcement learning (DRL). Additionally, other ML 

techniques like K-Nearest Neighbours (KNN) and Support Vector Machines (SVM) have also been applied. 

Key characteristics of cloud systems, such as their large scale, complexity, and the randomness of tasks, 

pose challenges that traditional algorithms often cannot address effectively. 

 

 

2.2 Methodology:  
 

The methodology involves developing a Deep Reinforcement Learning (DRL)-based framework for 

resource scheduling in cloud environments. The model dynamically allocates tasks to server nodes by 

considering resource availability across dimensions like CPU, memory, and disk space. It uses an agent-

environment interaction paradigm, where the agent learns optimal scheduling strategies based on feedback 

(rewards) from its actions. A parameter matrix is employed to map task requirements and server 

capabilities, enabling effective decision-making. Compared to classical heuristic, meta-heuristic, and hybrid 

algorithms, DRL offers superior adaptability and performance in handling the complexity and dynamism of 

cloud scheduling. 

 
 

2.3 Mathematical insight: 

 

In DRL, the reward Rt at time t is maximized as: 

 

 
 

2.4 Key Insights: 
 

 Challenges in Cloud Scheduling: The complexity and dynamism of cloud environments require 

scheduling algorithms that can adapt quickly and handle multiple variables, making classical methods 

insufficient. 

 Role of ML: ML methods can map optimization objectives and evaluate solution quality, enabling 

more effective scheduling strategies. 
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 DRL Advantages: DRL combines the strengths of DL and RL, allowing for complex modeling of 

systems and adaptability to various optimization objectives. It can process large-scale tasks and handle 

dynamic environments effectively. 

 Evolution of RL and DRL: The RL framework focuses on the agent-environment interaction, where 

agents learn optimal strategies based on feedback (or rewards) from their actions. This feedback mechanism 

differs from traditional optimization methods that rely on evaluation functions. 

Overall, the application of DRL in cloud scheduling represents a promising intersection of emerging 

technologies, showing superior performance in managing complex scheduling problems. 

 

Conclusion: 

The DRL-based scheduling model effectively balances resource utilization and minimizes task delays. It 

outperforms classical methods by leveraging dynamic adaptability. Future enhancements could include 

multi-cloud integrations and consideration of additional resource constraints 

 

III. REINFORCEMENT LEARNING FRAMEWORK FOR ONLINE SCHEDULING OF DEFERRABLE WORKLOADS 

 

3.1 Introduction: 

OSDEC, an online scheduling framework based on deep reinforcement learning, enhances resource 

utilization and reduces user waiting times. By leveraging auxiliary tasks and state representations, the 

framework outperforms traditional methods in dynamic environments. The growing demand for cloud 

computing resources requires efficient scheduling mechanisms. OSDEC addresses this need by integrating 

auxiliary predictions into its RL framework, optimizing the scheduling of deferrable workloads. Unlike 

traditional methods, OSDEC utilizes pre-collected data to improve scheduling decisions. 

Cloud computing has become a critical infrastructure for delivering shared computing resources over the 

Internet, allowing users to access virtual machines provided by cloud platforms like Amazon Web Services, 

Microsoft Azure, and Google Cloud. However, optimizing the utilization of these resources while 

maintaining high service levels remains a challenge, especially with growing customer demand. One 

strategy is the use of deferrable virtual machine (VM) products, which allow job requests to be scheduled 

for future execution during valley hours. Scheduling these jobs effectively is difficult due to dynamic online 

job submissions and the need to continuously update scheduling plans. Traditional heuristic methods, 

though commonly used, are not effective in such complex, evolving environments and often fail to leverage 

the potential of pre-collected job data. This has led researchers to explore reinforcement learning (RL) for 

online scheduling, but current RL methods mainly focus on real-time job scheduling without utilizing the 

pre-collected job information. 

This paper introduces a novel solution called OSDEC (Online Scheduling for Deferrable jobs in Cloud), a 

reinforcement learning framework designed to handle the scheduling of deferrable jobs in cloud computing 

environments. OSDEC aims to optimize both resource utilization and job waiting time by incorporating pre-

collected workloads and capacity data into the scheduling process. The framework is enhanced with 

auxiliary tasks to improve feature extraction and policy learning, further boosting performance. Extensive 

experiments on real-world public datasets validate the effectiveness of OSDEC, showing its superiority over 

traditional scheduling methods. The proposed approach not only provides an efficient way to manage online 

scheduling but also addresses the unique challenges posed by dynamic cloud environments, marking a 

significant advancement in cloud job scheduling methodologies. 

The problem of deferrable job scheduling is modelled as an online decision-making problem where jobs 

dynamically arrive and need to be scheduled for execution. Each job request is represented by several 

parameters: resource capacity {ci}, duration {di}, earliest start time {ei}, latest start time {li}, and 

submission time {gi}. The goal is to decide at each time step which jobs to deploy without exceeding the 

available capacity, which is the total platform capacity minus the resources used by on-demand jobs. The 

decision variable {Xit} is binary, indicating whether job i is scheduled at time t. The objective is to 

maximize the revenue, which is the product of requested resources and duration {ri=cidi} while minimizing 

delays for job execution. The delay for each job {pi=ti-ei}. 

The capacity violation at any time step t is denoted as Vt, which quantifies the risk of exceeding the 

available capacity. The scheduling problem is formulated as a maximization problem with the objective 

function: 
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where ω1 and ω2 are the coefficients that penalize delays and capacity violations, respectively. The 

constraints ensure that each job is scheduled at most once, within its valid time window, and the total  

capacity at any time step does not exceed the available capacity. In the online setting, the decision-making 

process is modelled using reinforcement learning (RL), where the system learns a policy to maximize the 

expected reward through sequential job scheduling. The RL model is augmented with auxiliary tasks to 

improve learning efficiency and feature extraction, and the system continuously updates the policy based on 

real-time job arrivals and scheduling decisions. 

 

3.2 Methodology 

The problem is modelled as an online decision-making task with dynamically arriving jobs characterized by 

parameters such as capacity, duration, and time windows. Key components: 

 State Representation: Divides jobs into past, current, and future categories. 

 Action Representation: Uses confidence scores to prioritize jobs. 

 Reward Function: Optimizes capacity utilization while minimizing delays. 

OSDEC employs Proximal Policy Optimization (PPO) with auxiliary tasks for enhanced learning and 

feature extraction. Experiments on real-world datasets validated its effectiveness, demonstrating superior 

performance over traditional heuristic methods. 
 

3.3 Reinforcement Learning Based Scheduling 

3.3.1 State 

 

At each time step t, the system's state is represented by the following:  

 

 B(t): Jobs that have been submitted at time t. 

 Ct: Available capacity at time t. 

The submitted jobs are divided into three subsets: 

 Bhis(t): Jobs from previous time steps that are still running at time t. 

 Bcur(t): Jobs being considered at time t, between their earliest and latest start times. 

 Bfut(t): Jobs submitted by time t but haven't reached their earliest start time yet. 

 

Thus, the state st at time t is: 

 
Action (at): The action involves choosing which jobs from Bcur(t) to deploy. This is represented by a vector 

of binary values, indicating whether a job is scheduled at time t or not. To handle large action spaces, a 

continuous "confidence score" is used to prioritize jobs based on their scores. 

 Policy: The scheduling policy is modelled as a Gaussian distribution, where the mean (µt) and standard 

deviation (Σt) are learned by the network. 

 Reward: The reward function is designed to optimize capacity utilization and minimize delays. It includes 

penalties for time delays and capacity violations. 

 

3.4 Model Training 

 

The model is trained using Proximal Policy Optimization (PPO), which uses a surrogate loss function 
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for efficient training. The training involves optimizing the policy and value networks by using the 

calculated reward. 
 

3.5 Experiments and Performance Evaluation 

 

Experiments were conducted on a Microsoft Azure dataset to validate the effectiveness of the OSDEC 

(Reinforcement Learning-based Scheduling) approach. The following were key findings: 

 Comparison with Competitors: OSDEC outperforms classical heuristic methods (FIFO, SJF, 

Tetris) and other RL variants (REINFORCE, Pointer Net, etc.) in terms of utilization, reward, and time 

delay penalties. 

 Deferrable vs. Real-time Scheduling: The deferrable setting, which allows for better planning by 

deferring jobs, yields higher utilization compared to real-time scheduling, where jobs must be deployed 

immediately upon submission. OSDEC significantly benefits from this setting. 

3.6 Key Insights: 

 

1. State Representation: Divides jobs into past, current, and future categories. 

2. Action Representation: Uses confidence scores to determine which jobs to schedule. 

3. Policy: Learned using a diagonal Gaussian distribution for each job's confidence score. 

4. Auxiliary Tasks: Enhances state representation by predicting system properties like capacity and 

job duration. 

5. Training with PPO: Uses a surrogate loss function to optimize both policy and value networks. 

6. Performance: OSDEC outperforms other methods, particularly in deferrable settings, improving 

capacity utilization and reducing penalties. 

3.7 Mathematical Insight: 
 

The scheduling decision minimizes the delay D while optimizing capacity utilization U: 

 
 

 

 

Conclusion:  

This paper introduces OSDEC, a deep reinforcement learning method for online scheduling of deferrable 

jobs in cloud computing, leveraging a Transformer-based architecture and auxiliary prediction tasks to 

enhance scheduling decisions under variable capacities. Extensive experiments validate its effectiveness, 

with future plans to extend the framework to other scheduling problems and explore safe reinforcement 

learning for robust cloud deployments. 

OSDEC demonstrates superior performance in deferrable job scheduling, achieving higher utilization and 

reduced delays. Future work could involve extending the approach to real-time settings and exploring safe RL techniques for 

robust deployments 
 

IV. A DEEP REINFORCEMENT LEARNING-BASED TASK PLACEMENT FOR QUANTUM CLOUD COMPUTING 

 

4.1 Introduction:  
 

The paper introduces DRLQ, a novel Deep Reinforcement Learning (DRL) technique designed for efficient 

task placement in quantum cloud computing environments. Traditional heuristic methods struggle to adapt 
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to the dynamic and heterogeneous nature of quantum computing resources, necessitating advanced 

solutions. DRLQ utilizes the Deep Q-Network (DQN) architecture, enhanced by the Rainbow DQN 

approach, to develop an adaptive strategy for optimizing task completion time and scheduling efficiency in 

quantum cloud systems. Extensive experiments conducted with the QSimPy simulation toolkit demonstrate 

that DRLQ improves task execution efficiency and reduces task rescheduling needs.  

 

DRLQ utilizes Deep Reinforcement Learning to optimize task placement in quantum cloud environments. 

The framework leverages the Rainbow DQN approach, achieving significant reductions in task completion 

time and rescheduling needs. Task placement in quantum cloud computing is complicated by resource 

heterogeneity and dynamic requirements. DRLQ addresses this by modelling the problem as a Markov 

Decision Process (MDP) and utilizing advanced DRL techniques for optimal scheduling. 
 

 

4.2 Key Contributions Include: 

 

1. Developing one of the first DRL-based solutions for quantum task placement. 

2. Demonstrating a 37.81%–72.93% reduction in task completion time and minimal task rescheduling 

compared to heuristics. 

3. Highlighting a scalable framework to optimize quantum cloud resource management, paving the 

way for further exploration of quantum-specific factors like error rates and circuit transpilation. 

The paper identifies gaps in existing literature, such as the absence of machine learning-based solutions for 

quantum resource management, and positions its work as a foundation for innovative task placement 

strategies in quantum cloud computing. 
 

 

 

4.3 Mathematical Insight: 
 

The reward R for task placement is calculated as: 

 
where T is the total number of tasks. 
 

Conclusion: 

This study introduced the DRLQ framework, leveraging deep reinforcement learning for task placement in 

quantum cloud computing environments. The results demonstrated that DRLQ significantly outperforms 

heuristic approaches, showcasing its potential as a robust solution for quantum cloud resource management. 

As one of the pioneering efforts in quantum cloud resource management, this work emphasizes the need for 

further research in this domain. 

DRLQ outperforms heuristic methods, offering a scalable and efficient solution for quantum task 

scheduling. Future research may explore additional quantum-specific factors, such as error rates and circuit 

transpilation, to enhance the framework. 
 , 

V. A DEEP REINFORCEMENT LEARNING APPROACH FOR COST-OPTIMIZED WORKFLOW SCHEDULING 

 

5.1 Introduction:  
This paper addresses the challenge of cost optimization in cloud computing environments, specifically in 

workflow scheduling. The use of spot instances—discounted computing resources offered by cloud 

providers—can reduce costs but introduces uncertainties due to their vulnerability to interruptions and price 

fluctuations based on supply and demand. To overcome these challenges, the paper proposes a solution 

using Deep Reinforcement Learning (DRL) to develop an autonomous agent that schedules workflows 

efficiently by combining spot and on-demand instances. The solution is implemented in the Argo workflow 
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engine, a popular open-source tool for executing industrial workflows. Experimental results show that the 

proposed DRL-based scheduling method outperforms current benchmarks, achieving cost savings while 

meeting business requirements. 

 

The key challenge is to optimize scheduling strategies that balance cost savings with performance 

requirements. Spot instances, offered at a discount but subject to interruptions and price fluctuations, are a 

potential solution. However, effectively managing the balance between spot and on-demand instances is 

critical to avoid compromising performance. 

 

Reinforcement Learning (RL), especially Deep Reinforcement Learning (DRL), is proposed as a method to 

address the complexities of workflow scheduling in dynamic, uncertain environments. DRL's ability to learn 

optimal actions in stochastic settings makes it ideal for the problem at hand. This paper introduces a novel 

hierarchical action space design for DRL, distinguishing between on-demand and spot instances, and 

incorporates a DRL framework with multiple actor networks guided by a single critic network. The 

framework is applied to the Argo workflow engine, an open-source container-native tool for managing 

workflows, enabling advanced scheduling policies for cost optimization. 

 

 

5.2 Key contributions include: 

 

 A DRL model for cost-optimized workflow scheduling using a mix of on-demand and spot 

instances. 

 A hierarchical cluster organization and novel action selection process. 

 A DRL framework with Proximal Policy Optimization (PPO) for learning efficient scheduling 

strategies. 

 A fully integrated approach for deploying the DRL agent in a workflow engine, marking the first 

attempt at embedding an intelligent agent in this environment. 

 

 

 

5.3 Methodology 

The DRL framework uses hierarchical action space design and Proximal Policy Optimization (PPO) to 

balance cost and performance. Key insights include: 

 Spot vs. On-Demand Instances: Efficient allocation of spot instances reduces costs without 

compromising performance. 

 Integration with Workflow Engine: Enables advanced scheduling policies for real-world 

applications. 

5.4 Mathematical Insight 

 

The cost C is minimized as: 

 
where pi is the price per unit time, and di is the duration of task i. 
 

Conclusion: 

By leveraging the intelligent allocation of spot and on-demand instances, the proposed DRL framework 

optimizes resource utilization and minimizes costs. The DRL-based scheduling method demonstrates 
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superior performance in cost optimization, providing a robust solution for industrial workflows. Future work 

may focus on scalability and integration with other workflow engines 

VI. CONCLUSION 

This survey highlights the transformative role of reinforcement learning and deep reinforcement learning in 

addressing complex scheduling challenges in cloud and quantum computing. The reviewed frameworks—

ranging from Q-learning-based task scheduling and DRL resource allocation to cost-optimized workflow 

scheduling—demonstrate significant advancements in scalability, adaptability, and efficiency. Through 

mathematical models and machine learning-driven strategies, these solutions surpass traditional methods in 

minimizing task completion times, enhancing resource utilization, and reducing operational Costs. 

 

Emerging technologies, such as quantum cloud computing, present unique scheduling demands that further 

necessitate intelligent and adaptive algorithms. Studies like DRLQ have set the stage for leveraging advanced 

DRL techniques in this domain. However, challenges remain, including the interpretability of DRL models, 

computational complexity, and the integration of uncertainty measures into scheduling decisions. Future 

research should focus on exploring safe reinforcement learning, hybrid algorithmic approaches, and multi-

cloud scenarios to enhance the reliability and robustness of these systems. This survey underscores the vast 

potential of reinforcement learning in revolutionizing resource and task management across diverse 

computing environments. 
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