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 Task scheduling plays a crucial role in optimizing performance, reducing 

costs, and enhancing system reliability by efficiently allocating resources to 

workloads. Traditional task scheduling methods lack the ability to efficiently 

manage workloads and resource distribution, leading to potential 

inefficiencies in performance and energy consumption. To address these 

limitations, advanced techniques leveraging deep learning and reinforcement 

learning are explored. This study proposes a deep learning-based model for 

task scheduling in cloud computing. The model employs a convolutional 

neural network (CNN) to predict the optimal machines for task allocation. 

Additionally, Q-learning is integrated with CNN to facilitate load shifting 

between machines, ensuring efficient utilization of resources. The dataset 

used in this work consists of task attributes, such as execution time, resource 

requirements, which were loaded from a CSV file. Comparative analysis 

with existing models shows that the proposed approach achieves 

approximately 94% accuracy and consumes less energy than other models, 

demonstrating its effectiveness in cloud task scheduling. 
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1. INTRODUCTION 

In recent years, cloud computing has become integral to many organizations. It emerged to meet 

users’ demands for accessing computing resources and services on an as-needed basis through internet-driven 

applications. Cloud computing provides diverse services based on user requirements [1], [2], integrating 

distributed and parallel computing under a "pay-per-use" model. This eliminates the need for users to 

purchase software or hardware, only an internet connection is required. Infrastructure as a service (IaaS) is a 

prominent model that offers virtual servers for data processing and storage [3], [4]. It allows users to run 

operating systems or applications on rented servers, eliminating hardware maintenance. IaaS also enhances 

performance and reduces latency by offering server access in nearby locations. Services are governed by 

quality of service (QoS) parameters and service level agreements (SLAs), with payments based on  

user-provider agreements [5], [6]. Virtual machines use host resources like RAM and CPU, which can lead to 

unequal resource distribution. Efficient task scheduling is essential to minimize waiting times and balance 

resource utilization [7], [8].  

Assigning improper virtual machines can cause a high load on any virtual machines and impact 

system performance. Makespan, cost, and utilization are considered key scheduling factors for determining 

schedules. Different strategies have been devised to dynamically load-balance tasks. Based on user request, 

cloud brokers allocate cloud resources efficiently to meet deadlines or SLA requirements [9], [10]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Performance is guaranteed with cloud service provider QoS based checks. Scheduling mechanisms, in 

accordance to SLAs, are of critical importance to satisfy user expectations [11], [12]. The following shows 

how hypervisors can support multiple virtual machines on a single hardware layer. These are still a prevalent 

problem, such as insufficient scheduling and inappropriate task delegation, but all are essential. To ensure 

processing speed and to prevent imbalance in the system, load balancing is needed [13], [14]. Artificial 

intelligence (AI) has substantially improved task scheduling with intelligent resource optimization.  

AI techniques such as machine learning, deep learning, and reinforcement learning predict resource 

requirements, optimize energy consumption, and adjust resources to accommodate fluctuations in  

workloads [15], [16]. Heuristic and metaheuristic algorithms such as ant colony optimization (ACO) can be 

used to search for placement optimizations, minimized idle times, and enhanced energy efficiency. AI also 

can play a role in multi-cloud practices, improving QoS and scalability. To reduce energy usage and 

maximize job distribution, a number of AI-based scheduling algorithms have been put forth. While  

deep learning models may extract intricate task relationships and enhance scheduling policies, machine 

learning-based approaches use historical workload patterns to forecast resource demand. Using a  

trial-and-error methodology, reinforcement learning techniques like Q-learning dynamically adjust to shifting 

workloads. Notwithstanding these developments, current approaches have the drawbacks like static machine 

learning models struggle with real-time workload fluctuations and fail to generalize well in rapidly changing 

cloud environments. Deep learning-based models often require extensive training data and computational 

resources, making them less efficient in real-time scheduling. 

The conventional cloud task scheduling approaches suffer from several drawbacks, this research 

proposes a hybrid deep reinforcement learning method based on convolutional neural network (CNN) and  

Q-learning to overcome the limitations of the conventional approaches for scheduling tasks in cloud 

computing environments. The proposed framework uses CNNs to learn patterns of task attributes and 

resource usage data to derive the features of the tasks and select suitable virtual machines for allocation. To 

improve the use of the resources without consuming too much energy, adaptive load balancing is 

incorporated, where optimal task migration strategies are dynamically selected based on the current system 

state, as determined by the Q-learning. The proposed framework is evaluated against the current scheduling 

methods by implementing it in Python, and comparing it with the others using performance metrics like 

accuracy, precision, recall, energy consumption, and task execution time. The results of the experiments 

show that the hybrid is more accurate at 94%, while reducing energy consumption and increasing the 

efficiency of the time spent on the task compared to traditional AI-based scheduling. 

 

 

2. LITERATURE REVIEW 

Varma and Bendi [17] proposed a hybrid task scheduling approach that integrates the Al-Biruni 

earth namib beetle optimization (BENBO) algorithm with bidirectional long short-term memory (Bi-LSTM) 

network to address multi-objective optimization challenges in cloud computing. In this approach, a 

combination of scheduling solutions generated by the BENBO optimizer and the Bi-LSTM model is used to 

generate an optimized task allocation strategy. The hybrid approach successfully reduces the makespan and 

utilization of the resources. It was tested with respect to important performance criteria such as energy 

consumption, resource utilization, and makespan. The values obtained in the experimental results were 0.669, 

0.535, and 0.381 in terms of energy consumption, resource utilization, and makespan, respectively, showing 

how effective the proposed scheduling technique was. 

Chen and Zheng [18] proposed an AI-based scheduling method for heterogeneous big data network 

information security. The simulation results indicated its load balancing performance was good in the 

heterogeneous big data networks' information task scheduling. Moreover, the scheduling method had a great 

global search and parallel search ability, which was suitable for the large-scale information optimization 

application in heterogeneous big data networks. 

To predict the workload of future tasks, hybrid prediction framework was proposed Lu et al. [19], 

which combines the autoregressive integrated moving average (ARIMA) model with gated recurrent unit 

(GRU) model. The proposed scheduling strategy was to form multiple priority queues, which will exercise 

the higher priority task first, and lower priority task second. Moreover, factors like computational resource 

consumed, model training time, and prediction accuracy were taken into account while formulating the 

reinforcement learning reward function. As the tasks around the deep learning process reached 'converge' 

stage, the number of resources being sent to converged or completed tasks was progressively scaled back and 

reallocated toward other pending tasks in order to optimize the overall resources utilization. The 

effectiveness of the proposed reinforcement learning-based performance-time optimized (RLPTO) method in 

scaling-up to large-scale data sets was demonstrated through experimental tests conducted by using more 

computing nodes, thereby showing good scales and adapts to distributed computing environments. 
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For the task scheduling algorithm evaluation, Chhabra and Arora [20] came up with a methodology 

for assigning weights to various performance attributes based on their frequency of occurrence and 

significance. The former weighted attributes were then combined to calculate priority scores which were in 

turn used to estimate the performance of each algorithm of the various scheduling algorithms. In addition, the 

study proposed a machine learning based approach and utilized feature selection techniques to find the most 

suitable scheduling techniques for cloud computing environments. The findings demonstrated that integrating 

AI with cloud resource management enhances scheduling efficiency, improves resource utilization, and leads 

to better overall system performance. 

To solve the multi-objective task scheduling problem for independent cloud computing tasks, 

Kruekaew and Kimpan [21] used the artificial bee colony (ABC) optimization algorithm and the Q-learning 

reinforcement learning approach. The combination of Q-learning enhanced the exploration/exploitation 

property of ABC algorithm leading to faster convergence and better scheduling decisions. The proposed 

multi-objective artificial bee colony algorithm with Q-learning (MOABCQ) algorithm was experimentally 

tested with a few of the existing scheduling algorithms. The result of the experiments showed that the hybrid 

method reduced makespan and execution cost, enhanced the workload distribution, increased the throughput 

and also improved the overall utilization of the resources when compared to the comparative algorithms. 

In this regard, Talouki et al. [22] proposed a task scheduling algorithm based on a list, which  

uses an improved task prioritization strategy and task duplication strategies to enhance the scheduling 

efficiency. The proposed approach uses optimistic cost table downward (OCTd) and optimistic  

cost table upward (OCTu) procedures to identify priorities of tasks and to create an optimized sequence of 

execution. The proposed approach has been evaluated against the existing scheduling algorithms  

and it has been proved that it performs better in terms of various important scheduling metrics such as 

makespan, speedup, speedup-to-load ratio (SLR), and execution efficiency, which shows its merit in task 

scheduling optimization. 

The provisioning and scheduling of resources in cloud computing environments have increasingly 

become a challenge due to the growing complexity of these environments, which rely on virtual machines 

hosted on physical infrastructure in cloud service provider data centers [23]. The authors proposed a 

framework using the algorithm called quantile regression deep Q-network (QR-DQN) to optimize the 

performance of resource management and scheduling. This reinforcement learning method is created to learn 

an optimal policy for long-term resource allocation and scheduling decisions. Results indicated that the 

proposed framework improved the performance of the task scheduling and improved the efficiency of cloud 

resource utilization in the computing environment.  

Swarup et al. [24] discussed the use of cloud computing for various applications such as data 

analytics, data storage, and internet of things (IoT). The study was centered on task scheduling problem in 

cloud environment, targeting to minimizing computation resources required to satisfy the resource 

availability and application deadline constraint. The authors presented a reinforcement learning-based 

scheduling method, clipped double deep Q-learning (CDDQL) in order to achieve this objective. The 

approach applied experience replay and a target network to achieve a more stable learning and better 

scheduling decisions. Experimental results showed that the proposed approach was able to optimally 

schedule tasks while preserving the resource and deadline constraints. 

Alsaidy et al. [25] suggested an optimized execution of the particle swarm optimization (PSO)  

used to support the performance of task scheduling in a cloud computing system. The authors used two 

heuristic-based initialization methods which are longest job to fastest processor (LJFP) and minimum 

completion time (MCT) to create good initial particles population to the PSO algorithm. The intention of 

these initialization procedures was to facilitate the search process and speed up the convergence to optimal 

scheduling solutions. The proposed LJFP-PSO algorithm and MCT-PSO algorithm have been tested with 

simulation and compared with the PSO algorithm and some existing task scheduling algorithms. The 

experimental results showed that both the hybrid methods gave better scheduling performance compared to 

the benchmark algorithms and were more efficient and effective in terms of overall performance. 

 

 

3. METHOD 

In this research, a hybrid deep learning model integrating CNN and Q-learning is proposed for task 

scheduling in cloud computing environments. The proposed framework considers resource constraints, 

dynamic task allocation, and machine utilization to generate efficient scheduling decisions. By combining the 

feature extraction capability of CNN with the adaptive decision-making ability of Q-learning, the model aims 

to improve task allocation and resource management. The effectiveness of the proposed scheduling approach 

is evaluated using key performance metrics, including accuracy, precision, recall, and energy consumption, to 

assess both scheduling quality and overall system efficiency. 
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3.1.  System model 

Work flow diagram, as shown in Figure 1, uses reinforcement learning to optimize task scheduling 

under resource constraints. It consists of three key parts: the environment, reinforcement learning agent, and 

evaluation of performance module. Environment is a dynamic task scheduling system with tasks represented 

by the resource usage, and scheduling status. Based on resource constraints and scheduling efficiency, 

reinforcement learning agent chooses actions (task assignments) and gets reward/punishment. Q-values are 

predicted using a deep Q-learning model with a neural network. The agent uses the 𝜖-greedy algorithm to 

choose between exploring and exploiting. The mean squared error (MSE) loss is employed during the 

training of the network with Adam optimizer. The accuracy, precision, recall, and energy consumption is 

used to assess performance. The system is designed to manage the allocation of resources efficiently and to 

reduce amount of resources used. 
 

 

 
 

Figure 1. Workflow of the proposed task scheduling approach 
 

 

3.2.  Purposed model 

In this proposed methodology, reinforcement learning, along with the CNNs is shown to be an 

effective combination to solve complex task scheduling problems in cloud computing. This approach 

combines the ideas of reinforcement learning and CNNs—reinforcement learning for making adaptations of 

decisions, and CNNs for outstanding feature learning capacity, which is helpful for efficient scheduling in a 

dynamic cloud environment. One of the greatest strengths of deep learning is its ability to learn end-to-end, 

meaning that it can learn to extract meaningful characteristics from raw inputs without the need to handcraft 

them. This feature enables a more reliable scheduling decision and enables the model to be adapted to a 

broad set of cloud computing applications. 1D-CNNs have recently been shown to attain high performance 

on processing structured cloud datasets, such as task scheduling, load balancing and so on. CNNs are a type 

of feed-forward deep neural network that contains a number of convolutional layers which progressively 

learn to represent features at different levels above which is passed to an output layer that uses the features it 

has learned to make the final prediction. Figure 2 shows an architecture of the proposed CNN. 
 

 

 
 

Figure 2. Proposed architecture of CNN 
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As illustrated in Figure 2, each convolutional stage is composed of a set of learnable convolutional 

filters followed by a pooling layer. During feature extraction, the input data passes sequentially through these 

stages, enabling the network to learn increasingly complex and task-specific feature representations. This 

hierarchical learning process allows the CNN to capture meaningful patterns from cloud computing data, 

thereby improving the effectiveness of task scheduling. Figure 3 presents the overall architecture of the 

proposed model along with the distribution of its key parameters. 
 
 

 
 

Figure 3. Overall architecture of the proposed task scheduling model 
 

 

The CNN consists of several important layers such as the input layer, convolutional layer, pooling 

layer, fully connected layer, and output layer. The input layer processes multidimensional data in the 

structured format, and features to be passed to the network are often preprocessed to remove dimensionality 

(normalized) before being fed into the network. This normalization process boosts efficiency in learning and 

optimizes the model performance. The learnable kernels in the convolutional layer convolve its input feature 

maps from the previous layer, and then apply a nonlinear activation function to generate a feature map. Each 

layer produces output by performing a number of convolution operations on the various feature 

representations of input. The corresponding mathematical formulation of this process is given in (1). 
 

𝑦𝑖
𝑙+1(𝑗) = 𝐾𝑖

𝑙 ∗ 𝑥𝑙(𝑗) + 𝑏𝑖
𝑙 (1) 

 

In this information, 𝐾𝑖
𝑙 denotes the weights of the ith filter kernel at layerl, while 𝑏𝑖

𝑙 denotes the bias 

of the ith filter kernel at layer l, x𝑙(𝑗) refers to the jth local region at layer l, and 𝑦𝑖
𝑙+1(𝑗) represents the input 

of the jth neuron in frame i of layer "l+1". The symbol * represents the operation of dot product between the 

convolutional kernel and the local receptive field it is used with. Once the convolution process is finished, an 

activation function is applied to the generated feature maps to add non-linearity into the feature maps. When 

this step is applied, the multi-dimensional features extracted from the data may not be linearly separable in 

the original feature space, but they become more linearly separable in the higher-dimensional space. The 

rectified linear unit (ReLU) activation function is used in this study. It has several of its merits, one being that 

its gradient is fixed (equal to 1) for the positive input values, so as to offset the vanishing gradient problem in 

training. The mathematical description of the ReLU function is given as in (2). 
 

𝑎𝑖
𝑙+1(𝑗) = 𝑓 (𝑦𝑖

𝑙+1(𝑗)) = 𝑚𝑎𝑥{0, 𝑦𝑖
𝑙+1(𝑗)} (2) 

 

In this context 𝑦𝑖
𝑙+1(𝑗) represents the output value obtaind after convolution operation, while 𝑎𝑖

𝑙+1(𝑗) shows 

the activation value of 𝑦𝑖
𝑙+1(𝑗). The aim of the pooling layer is to decrease the dimensionality of the feature 

maps by downsampling feature maps that are made up of large input matrices to smaller feature maps. This 

significantly diminishes the amount of parameters to be learned and decreases the computational complexity 

and also helps prevent overfitting the model. Max pooling is one of the most popular pooling methods, which 

picks out the largest value in each receptive field. Math definition of max pooling is defined in (3). 
 

𝑃𝑖
𝑙+1(𝑗) = {𝑞𝑖

𝑙(𝑡)}
(𝑗−1)𝑊+1≤𝑡≤𝑗𝑊

𝑚𝑎𝑥
 (3) 

 

Here, 𝑞𝑖
𝑙(𝑡) represents the tth neuron’s value in the ith feature at l layer, (𝑡 ∈ [(𝑗 − 1)𝑊 + 1, 𝑗𝑊]); W is the 

pooling region’s width. Also, the neuron’s value at layer "l+1" is 𝑃𝑖
𝑙+1(𝑗). After the last pooling layer, there is 

a fully connected layer. This last pooling stage generates feature maps that are flattened into a one dimensional 

vector and that's used as input to the fully connected layer. This layer has each input neuron linked to all the 
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output neurons, enabling the network to integrate the local pattern of features captured by the convolutional 

and pooling layers into a single, global representation. The integrated representation is then employed for the 

final classification or prediction. The fully connected layer can be mathematically described as (4). 

 

𝑧𝑙+1(𝑗) = 𝑓(∑ ∑ 𝑊𝑖𝑡𝑗
𝑙𝑛

𝑡=1
𝑚
𝑖=1 𝑎𝑖

𝑙(𝑡) + 𝑏𝑗
𝑙) (4) 

 

Where 𝑊𝑖𝑡𝑗
𝑙  is the weight connecting the tth neuron in the ith feature at layer l to the jth neuron at layer "l+1". 

The logit value corresponding to the jth neuron at layer "l+1" is 𝑧𝑙+1(𝑗). Moreover, the network offset is 𝑏𝑗
𝑙 

while 𝑎𝑖
𝑙(𝑡) is the tth neuron’s output value in the ith feature at the preceding layer l. Finally, 𝑓(∙) is the 

activation function ReLU. A softmax classifier is generally employed in the output layer to generate the final 

class label predictions. The softmax function is an extension of logistic regression to multi-class problems, 

normalizing raw scores from the logistic regression output to produce normalized probability distributions. 

This property makes it useful in multi-class classification problems for assigning each input sample to one of 

the different classes according to the highest probability, as defined in (5). 
 

𝑄(𝑗) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑧𝑜(𝑗)) =
𝑒𝑧

𝑜(𝑗)

∑ 𝑒𝑧
𝑜(𝑘)𝑀

𝑘=1
 (5) 

 

Here 𝑧𝑜(𝑗) refers to the logit produced by the j-th neuron in the output layer and 𝑀 is the number of target 

classes. The CNN is a type of neural network that processes information in a sequence or a vector of data, 

which is referred to as a 1D-CNN. Hence, one-dimensional convolutional filters are used in the network to 

capture the meaningful patterns, along a single dimension. As a result, the convolutional and pooling layers 

generate one-dimensional feature representations and these are then applied to classification or prediction. 
 
 

4. RESULTS AND DISCUSSION 

In this study, the task scheduling for cloud computing with machine learning techniques is 

discussed. The proposed framework uses a CNN to perform machine level prediction and the method of  

Q-learning to help shift the load dynamically between machines. The effectiveness of the proposed approach 

is assessed against an established approach based on a number of metrics. For this, the accuracy, precision, 

recall, and energy consumption are taken into account to evaluate the performance of the scheduling model. 

The results of performance analysis of the proposed model are shown in Table 1. 
 
 

Table 1. Performance analysis of task scheduling methods 
Model Accuracy (%) Precision (%) Recall (%) 

Neural networks [26] 84.10 84 84 

Dynamic resource allocation [15] 86.10 86 86 
Proposed 92.34 92 92 

 

 

The proposed approach was tested in terms of its effectiveness against the existing task scheduling 

methods like neural network-based models and dynamic resource allocation methods as shown in Figure 4. 

When comparing the proposed model with the existing models, the accuracy, precision, and recall values are 

consistently higher with each performance metric being above 90%. The results from the aforementioned, 

clearly surpass the benchmark methods. The improved performance may be due to the model's ability to 

represent the complex characteristics of tasks and to process large-scale, time-dependent data. Conventional 

neural network-based approaches and dynamic resource allocation methods, however, tend to work well in 

simpler settings but have drawbacks of scalability and prediction in larger and more complex deployment of 

cloud workloads. Thus, the proposed framework is more appropriate for large-scale cloud computing 

environments where real-time scheduling decisions must be taken and efficient resource management is 

desired. Moreover, the achieved improvement demonstrates the benefits of combining deep learning and 

reinforcement learning to enhance task scheduling performance. Overall, the performance of the model 

presented in Figure 4 is satisfactory, confirming the robustness and efficiency of the proposed model  

for various evaluation metrics. The results of the energy efficiency analysis of the neural networks [26] is 

11.2 joules, dynamic resource allocation [15] is 9.5 joules, and proposed framework is 6.5 joules. 

As it is shown in Figure 5, the energy efficiency of the proposed algorithm is compared with 

existing algorithms like neural networks and dynamic resource allocation. The analysis shows that the 

proposed algorithm is the most energy saving algorithm compared to other algorithms. In cloud environments 

where energy consumption is supposed to be desired, consuming too much energy causes operational costs to 

increase and impacts to the environment. The suggested model keeps the resource contention as low as 



Int J Artif Intell  ISSN: 2252-8938  

 

Hybrid deep learning model for the task scheduling in cloud computing (Kavita Rani) 

3689 

possible and energy usage as low as possible as well. As shown in Figure 5, the proposed method results in 

the lowest energy consumption (6.5 joules), in comparison with the traditional methods. This substantial cut 

is due to better task prediction and the more effective use of resources. In order to encourage sustainable 

usage of cloud computing it is crucial to introduce methods that save energy in the scheduling procedure. The 

energy-saving feature of the proposed model results in it being a potential solution design for implementation 

of this kind of cloud application in real life, for which energy is a critical factor. 
 
 

 
 

Figure 4. Performance comparison of task scheduling methods 

 

 

 
 

Figure 5. Energy efficiency comparison of task scheduling methods 
 

 

5. CONCLUSION 

MapReduce is a popular programming paradigm for the parallel processing of massive amounts of 

data in a cloud-based computing environment, developed by Google. It has two main phases: map and 

reduce. During the map phase, the large sets of user data are broken into smaller sub-tasks and then they are 

scheduled and assigned to the available cloud resources in an appropriate way, using appropriate scheduling 

strategies. The intermediate results are sent to the reduce phase after they are produced on the distributed 

computing nodes, and finally the result is sent to the user. This way, it becomes easier to perform a lot of 

complex processing tasks, and it also makes the process faster. This study aims to propose a deep 

learningbased model for task scheduling in cloud computing and implement it in python. The effectiveness of 

the proposed method is compared to the existing methods like neural networks and dynamic resource 

allocation techniques. Experimental results show that the proposed model shows accuracy, precision, and 

recall greater than 92%, while comparative models show approximately 8% less. 
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