
 
 

 

 
HFBLGERC: Design of an Efficient Hybrid Fusion of 

BiLSTM, BiGRU, with ES-RNN for Responsive 
Resource Scheduling  

 
Aihtesham Kazi1 and Dr. Dinesh Chaudhari2  

1Bajaj Institute of Technology, Department of Computer Engineering, Wardha, India 
Email: kazi_aihtesham@rediffmail.com 

2Jawaharlal Darda Institute of Engineering & Technology, Computer Science & Engineering, Yavatmal, India 
Email: dinesh_chadhari@jdiet.ac.in 

  
 

Abstract— The efficient scheduling of tasks on virtual machines (VMs) is paramount in cloud 
computing environments. The complexity and dynamism of today's applications require a more 
insightful and adaptive approach to task allocation to ensure optimal resource utilization and 
service delivery. Traditional scheduling approaches often fall short when it comes to considering 
the multi-dimensional attributes of tasks and VMs, such as makespan, deadline, memory, and 
bandwidth requirements. These methodologies lack the ability to dynamically adapt to the ever-
evolving requirements of tasks and the capacities of VMs, leading to suboptimal performance 
and resource wastage. In this paper, we present a novel approach that fuses BiLSTM & BiGRU 
with Exponential Smoothing Recurrent Neural Network (ES-RNN) to create a more robust and 
adaptive task scheduling mechanism under real-time scenarios. This model holistically assesses 
task capacity based on its makespan, deadline, memory, and bandwidth requirements. Similarly, 
VM capacity is evaluated based on its RAM, MIPS, bandwidth, and the number of processing 
elements. The fusion of these advanced neural architectures provides a deeper understanding of 
the task-VM mapping, enabling a more intelligent and efficient scheduling decision. Our 
approach demonstrates a marked improvement over traditional techniques, with tangible 
benefits such as reduced makespan by 4.9% and improved VM computation efficiency by 3.5%. 
The practical implications of our methodology are profound. By integrating our model into real-
world cloud environments, organizations can expect to see an enhanced deadline hit ratio by 
1.5%, ensuring that critical tasks meet their time-sensitive objectives. Moreover, the decision-
making process becomes significantly more agile, resulting in a decision delay reduction of 4.5%, 
thereby promoting more responsive and efficient cloud computing operations. This work paves 
the way for a new era of intelligent cloud resource management, optimizing both performance 
and efficiency.  
 
Index Terms— Cloud Computing, Task Scheduling, BiLSTM-BiGRU Fusion, Exponential 
Smoothing RNN, Resource Optimization. 

I. INTRODUCTION 

Cloud computing, a paradigm that allows on-demand access to shared resources, has emerged as a pivotal 
foundation for numerous applications across various industries. It offers a platform where computational tasks can  
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be outsourced to a network of remote servers, alleviating the need for on-premises infrastructure. However, as the 
adoption rate of cloud computing soars, so does the complexity of tasks and the diversity of the workloads submit 
to cloud environments. One of the critical challenges in this realm is the efficient and intelligent scheduling of 
these tasks on virtual machines (VMs) to ensure optimal performance, resource utilization, and service guarantee 
for big data systems [1, 2, 3]. Traditional task scheduling algorithms in cloud computing primarily focused on 
simplistic attributes, often treating tasks as homogenous units. However, in reality, each task possesses unique 
characteristics, such as varying makespan, deadline constraints, memory footprint, and bandwidth requirements. 
Such diversity demands an adaptive and nuanced approach to scheduling, which conventional algorithms often 
fail to deliver. Moreover, the static nature of many traditional methods doesn't bode well in a dynamic environment 
like the cloud, where both task requirements and VM capabilities can fluctuate [4, 5, 6]. This is possible via use 
of Linear Scaling-Crow Search Optimization (LSCSO) process. 
In this paper, we venture into the realm of neural-based task scheduling. We propose a novel fusion of BiLSTM, 
BiGRU, and Exponential Smoothing Recurrent Neural Network (ES-RNN) to formulate an intelligent task 
scheduling mechanism that can adaptively match tasks with the most appropriate VMs. This approach not only 
ensures that tasks are executed efficiently but also optimizes the overall resource consumption and performance 
of the cloud environment. 

II. REVIEW OF EXISTING MODELS FOR LOAD BALANCING IN MAP REDUCE ENVIRONMENTS 

Early research in load balancing primarily focused on static methods, where tasks are assigned to resources at 
compile-time. These models, such as the Round Robin, are deterministic and lack adaptability. However, they are 
simple and have minimal overheads [10, 11, 12]. Recognizing the limitations of static methods, dynamic load 
balancing models were introduced. These consider the current state of the system and make decisions at runtime. 
Models like Weighted Round Robin or Least Connections give more flexibility and better performance in diverse 
scenarios. 
In decentralized models, each node makes its own decisions regarding task allocation, often based on localized 
information. The Ant Colony Optimization (ACO) method, inspired by ant behavior, is an example where ants 
find the shortest path to distribute tasks. Centralized models, like the Honeybee Foraging algorithm, involve a 
central authority or coordinator that has a holistic view of the system. While they offer better global optimization, 
they might introduce bottlenecks [13, 14, 15], which can be mitigated via use of Coalition Reinforcement Learning 
(CRL) operations. Beyond the Honeybee and ACO methods, many algorithms take inspiration from nature. The 
Particle Swarm Optimization (PSO) method, which simulates bird flocking behavior, has been adapted for load 
balancing tasks with notable success [16, 17, 18]. 

III. PROPOSED DESIGN OF AN EFFICIENT HYBRID FUSION OF BILSTM, BIGRU, WITH ES-RNN FOR RESPONSIVE 
RESOURCE SCHEDULING IN MAP REDUCE BASED CLOUD ENVIRONMENTS 

Based on the review of existing models used for resource scheduling in big data environments, it can be observed 
the complexity of these models is high when used in map reduce environments, moreover these models have lower 
efficiency when used for large-scale deployments. To overcome these issues, this section discusses design of an 
efficient hybrid fusion of BiLSTM, BiGRU, with ES-RNN for responsive resource scheduling in Map Reduce 
based Cloud Environments. As per figure 1, the proposed model fuses both task-level & VM level metrics in order 
to generate & analyze comprehensive capacity metrics. These metrics are processed via an efficient & novel 
Exponential Smoothing Recurrent Neural Network (ES-RNN), which assists in scheduling tasks to VMs in big 
data environments.  

 
Fig. 1. Design of the proposed model for efficient scheduling of VM resources 
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To map input tasks with VMs, the model initially estimates an iterative Task Capacity Metric (TCM) via equation 
1, 

ܯܮܶ = ൬
ܵܯ

(ܵܯ)ݔܽܯ +
ܮܦ

൰(ܮܦ)ݔܽܯ ∗ ܹܤ ∗ …ܯܣܴ (1) 

Where, ܮܦ & ܵܯ are the makespan levels & deadline levels for individual tasks, while ܯܣܴ & ܹܤ are the 
bandwidth and RAM Memory needed for executing these tasks. In a similar manner, the VM Capacity Metric 
(VCM) is calculated for individual VMs via equation 2, 

ܯܥܸ = ෍
ܤ ௜ܹ

(ܹܤ)ݔܽܯ +
ܵܲܫܯ

(ܵܲܫܯ)ݔܽܯ +
ܯܣܴ

(ܯܣܴ)ݔܽܯ … (2)
ே௉ா

௜ୀଵ

 

Where, ܰܲܧ are the total number of VMs present in the cloud, while ܯܣܴ & ܵܲܫܯ,ܹܤ are their respective 
bandwidth, MIPS Capacity, and RAM available on each of these VM sets. The TLMs & VCMs are calculated for 
each task & VM, and then they are individually passed through an augmented set of BiLSTM & BiGRU operations. 
For this process, the capacity metrics are represented as ݔ, and passed through input, forget & candidate gates via 
equations 3, 4, & 5 as follows, 

݅݃ = ∗ ܹ݅)ݎܽݒ   [ℎ(ݐ − [ݐݔ,(1 +  ܾ݅) …                         (3) 

݂݃ = ∗ ݂ܹ)ݎܽݒ   [ℎ(ݐ − 1), [ݐݔ +  ܾ݂) …                        (4) 

ܿ݃ = ∗ ܹ݃)ℎ݊ܽݐ   [ℎ(ݐ − 1), [ݐݔ +  ܾ݃) …                       (5) 

Where, (ݔ)ݎܽݒ is the variance operator, while ܹ & ܾ are weights & biases of LSTM process, ℎ represents the 
hidden states. These metrics are fused to form an iterative cell state via equation 6, 

ݏܿ =  ݂݃ ∗ ℎ(ݐ − 1) +  ݅݃ ∗  ܿ݃…                                       (6) 

The final output of LSTM is represented via equation 7, 

݃݋ = ∗ ݋ܹ)ݎܽݒ   [ℎ(ݐ − 1), [ݐݔ + (݋ܾ  …                              (7) 

While, the hidden state is represented via equation 8, 

ℎ(ݐ) = ∗ ݃݋  (ݏܿ)ℎ݊ܽݐ  …                                                            (8) 

The same operations are repeated for backward LSTM, and its hidden state is fused with forward LSTM via 
equation 9, 

ℎ(ݐ) =
ℎ(ݐ) + ℎ(ݐ,ܾ)

2 …                                                                (9) 

This final hidden state is given to BiGRU for further analysis, which passes the output features & hidden state 
through reset & update gates via equations 10 & 11 as follows, 

݃ݎ = ∗ ݎܹ)ݎܽݒ   [ℎ(ݐ),݃݋] + (ݎܾ  …                                          (10) 

݃ݑ = ∗ ݖܹ)ݎܽݒ   [ℎ(ݐ),݃݋] + (ݖܾ  …                                       (11) 

These metrics are used to update the candidate hidden state via equation 12, 

ℎ~(ݐ) = ∗ ℎ(ܹℎ݊ܽݐ  ∗ ݐݎ]   ℎ(ݐ),݃݋] +  ܾℎ) …                     (12) 

These metrics are used to update the final hidden state via equation 13, 

ℎ(ݐ + 1) =  (1 − (݃ݑ  ∗  ℎ(ݐ − 1) + ݃ݑ  ∗  ℎ~(ݐ) …                   (13) 

The same process is repeated with ℎ(ݐ + 1) being used in equations 3 through 13, which assists in enhancing 
variance between extracted features. The process converges when variance between hidden states across multiple 
iterations is almost constant, which is represented via equation 14, 

ℎ(ݐ + 1)
ℎ(ݐ) ≤ ߳…                                                                                  (14) 
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Where, ߳ is set to ߳ = 0.00001, for maximizing feature variance levels. These features are extracted for tasks & 
VMs, and are used to train the Exponential Smoothing Recurrent Neural Network (ES-RNN) for mapping the VM 
to tasks. The Exponential Smoothing Recurrent Neural Network (ES-RNN) is a powerful neural architecture used 
to map virtual machines (VMs) to tasks based on their respective features. It is designed to capture and learn 
complex temporal relationships between these features, allowing for intelligent and responsive task-VM mapping 
in big data scenarios.  
The ES-RNN takes input features for both tasks and VMs from BiLSTM & BiGRU process. The ES-RNN starts 
with an initial state, which set to an iterative stochastic value, estimated using Markovian process. This initial state 
represents the model's memory or context at the beginning of the sequences. ES-RNN calculates a weighted sum 
of the input features, considering their importance and relevance to the task-VM mapping tasks. This is done using 
learned weights and bias terms. The weighted sum is computed through a series of matrix multiplications and 
activations via equation 15, 

ℎݐ = {ℎ݅}ܹ)ߪ  ∗ + ݐݔ   ܹ{ℎℎ} ∗  ℎ{ݐ − 1} +  ܾℎ) …                           (15) 

Where, ht is the current hidden state, xt is the input BiLSTM & BiGRU feature vector, W{ih} and W{hh} are the 
input-to-hidden and hidden-to-hidden weight matrices, respectively, bh is the bias term, σ represents the sigmoid 
activation process. After this, ES-RNN employs exponential smoothing to update its internal states. It blends the 
newly calculated weighted sum with the previous state, considering a smoothing factor α, which allows the model 
to adapt to changing patterns and trends in the data samples via equation 16, 

ℎݐ = ∗ ߙ   ℎݐ +  (1 − (ߙ  ∗  ℎ{ݐ − 1} …                                                   (16) 

Where, ht is the updated hidden state at time t, h{t-1} is the previous hidden state, and α is the smoothing factor, 
which is used to reduce jitters in the mapping process. The final hidden state obtained after the smoothing process 
represents the mapping between the tasks and VMs in the big data environment with multiple tasks. It is used to 
make predictions or decisions about how to allocate tasks to VMs effectively for the given scenarios. The ES-RNN 
is trained using historical data, where the input features are known, and the desired task-VM mappings are known 
for some samples. The model learns to adjust its internal parameters, including weights and the smoothing factor, 
to minimize the error between its predictions and the ground truth mappings. Once trained, the ES-RNN can 
efficiently map tasks to VMs based on their features, making it a valuable tool for optimizing resource allocation 
in cloud computing environments. Efficiency of this process was validated under different real-time scenarios, and 
compared with existing models in the next section of this text. 

IV. RESULT ANALYSIS 

The proposed model, HFBLGERC, is an innovative and efficient approach designed for responsive resource 
scheduling in Map Reduce-based cloud computing environments. This model integrates advanced neural 
architectures, including Bidirectional Long Short-Term Memory (BiLSTM), Bidirectional Gated Recurrent Unit 
(BiGRU), and Exponential Smoothing Recurrent Neural Network (ES-RNN), to create a holistic and adaptive task 
scheduling mechanism. HFBLGERC assesses the capacity of tasks and virtual machines (VMs) based on multiple 
attributes, including makespan, deadline, memory, and bandwidth requirements for tasks, and RAM, MIPS, 
bandwidth, and the number of processing elements for VMs. By fusing these advanced neural architectures, 
HFBLGERC provides a deeper understanding of the task-VM mapping, enabling more intelligent and efficient 
scheduling decisions. This model has demonstrated marked improvements over traditional scheduling techniques, 
with reduced makespan, improved VM computational efficiency, enhanced deadline hit ratio, and reduced decision 
delay, thus paving the way for a new era of intelligent cloud resource management that optimizes both performance 
and efficiency in cloud computing operations. In this work, a diverse set of datasets was utilized to 
comprehensively evaluate the performance of the HFBLGERC model. The choice of these datasets was based on 
their relevance to resource allocation and scheduling in cloud computing environments. The following sets were 
used for this analysis, 

V. EXPERIMENTAL SETUP 

To ensure the robustness and reliability of the experiments, this work carefully designed the following 
experimental setup: 

 Input Parameters 



 
3054 

The HFBLGERC model was configured with the following sample input parameters: 
 Neural Architecture: BiLSTM, BiGRU, and ES-RNN 
 Task Attributes: Makespan, Deadline, Memory, Bandwidth Requirements 
 VM Attributes: RAM, MIPS, Bandwidth, Number of Processing Elements 

 Evaluation Metrics 
The model's performance was measured using metrics such as Makespan, VM Computational Efficiency (VCE), 
Deadline Hit Ratio (DHR). 

 Baseline Comparisons 
The performance of HFBLGERC was compared against baseline models, including LSCSO, RLSH, and CRL, to 
validate its performance w.r.t. recently proposed methods. 

 Hardware and Software 
The experiments were conducted on a cluster of cloud-based virtual machines to simulate real-world cloud 
computing environments. Python-based machine learning libraries were used for model development and 
evaluation. By adhering to this experimental setup, this work aimed to provide a comprehensive assessment of the 
HFBLGERC model's performance and demonstrate its advantages in responsive resource scheduling within cloud 
computing environments. Based on this strategy, the model was validated via estimation of makespan (MS), VM 
computation efficiency (VCE), deadline hit ratio (DHR), and decision delay (D) for multiple task-level & VM 
level configurations, which were estimated via equations 28, 29, 30, & 31 as follows, 

ܵܯ =
1

ܰܶܵ
෍݁ݐ݈݁݌݉݋ܿ)ݏݐ, ݅) − ,ݐݎܽݐݏ)ݏݐ ݅) … (28)
ே்ௌ

௜ୀଵ

 

Where, (ݐݎܽݐݏ)ݏݐ & (݁ݐ݈݁݌݉݋ܿ)ݏݐ represent the timestamp to complete & start the scheduling process for ܰܶܵ 
Number of Scheduled Tasks.  

ܧܥܸ =
1

ܰܶܵ
෍

(݅)ܧܶ
(݅)ܧܶܫ …                                            (29)

ே்ௌ

௜ୀଵ

 

Where, ܶܧܶܫ & ܧ represents the task execution cycles, & ideal task execution cycles for individual tasks, 

ܴܪܦ =
1

ܰܶܵ
෍

(݅)ܧܶ
(݅)ܮܦܶ …                                     (30)

ே்ௌ

௜ୀଵ

 

ܦ =
1

ܰܶܵ
෍ܿݏ)ݏݐℎ݈݁݀݀݁ݑ, ݅) − ,ݐݎܽݐݏ)ݏݐ ݅) … (31)
ே்ௌ

௜ୀଵ

 

Where, ݏݐ(ܿݏℎ݈݁݀݀݁ݑ) is the timestamp at which the current task was scheduled on the VM sets. This performance 
was compared with LSCSO [4], RLSH [9], & CRL [14], and the makespan can be observed from figure 2 as 
follows, 

 
Figure 2. Makespan of resource scheduling in big data environments 

The makespan (MS) in the context of resource scheduling in big data environments is a critical performance metric 
that represents the total time taken to complete all tasks in a given workload or job. It is essentially the duration 
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from the start of the first task to the completion of the last task. A lower makespan indicates more efficient resource 
allocation and scheduling, as it implies that tasks are completed faster, leading to improved job turnaround times 
and better resource utilization. When comparing the makespan results, it's evident that the proposed HFBLGERC 
model consistently outperforms the other models across various data sizes (measured in kilobytes - k and 
megabytes - M). For instance, at a data size of 1530k, HFBLGERC achieves a makespan of 0.53 ms, which is 
significantly lower than the makespans of LSCSO (0.79 ms), RLSH (1.00 ms), and CRL (0.89 ms). This trend 
continues as the data size increases. The impact of this superior performance is substantial. A lower makespan 
directly translates to faster task completion times, reducing the overall job execution time. This means that with 
HFBLGERC, tasks are completed more efficiently, enabling quicker delivery of results to users or downstream 
processes. As the data size scales up, the proposed model consistently maintains its advantage. For instance, at 
153M data size, HFBLGERC achieves a makespan of 4.26 ms, while the other models lag significantly behind. 
This indicates that HFBLGERC is well-suited for handling large-scale data processing tasks with remarkable 
efficiency. The reasons for HFBLGERC's better performance in makespan can be attributed to its fusion of 
advanced neural architectures, including BiLSTM, BiGRU, and ES-RNN. These architectures provide a more 
comprehensive understanding of task-VM mapping, enabling more intelligent and adaptive scheduling decisions. 
HFBLGERC can dynamically adapt to the varying resource requirements of tasks and VM capacities, leading to 
optimized scheduling and reduced makespan. In practical terms, the impact of HFBLGERC's superior makespan 
is reduced job turnaround times, improved resource utilization, and enhanced responsiveness in cloud computing 
environments. Organizations implementing this model can expect quicker task completions, ensuring that time-
sensitive objectives are met promptly. This, in turn, enhances the overall efficiency and performance of cloud-
based data processing, making it a promising advancement in resource scheduling for big data environments. 
Similarly, the VM computational efficiency can be observed from figure 3 as follows, 

 
Figure 3. VM Computational Efficiency (VCE) of resource scheduling in big data environments 

VM Computational Efficiency (VCE) in the context of resource scheduling in big data environments measures the 
utilization and effectiveness of virtual machines (VMs) in executing tasks. It is typically represented as a 
percentage and quantifies how efficiently VMs are used to complete the scheduled tasks. Higher VCE percentages 
indicate better VM utilization and efficiency. Let's analyze the comparative results of VCE for the four different 
models: LSCSO [4], RLSH [9], CRL [14], and HFBLGERC. When examining the VCE results, it's evident that 
the HFBLGERC model consistently outperforms the other models across various data sizes. For instance, at a data 
size of 1530k, HFBLGERC achieves a VCE of 98.05%, which is significantly higher than the VCE values of 
LSCSO (89.01%), RLSH (91.43%), and CRL (87.45%). This trend continues as the data size increases. The impact 
of HFBLGERC's superior VCE is substantial. A higher VCE percentage indicates that VMs are used more 
efficiently, leading to better resource utilization. With HFBLGERC, VMs are operating at near-optimal levels, 
ensuring that computational resources are maximized, and tasks are completed efficiently. As the data size scales 
up, HFBLGERC consistently maintains its advantage. At 153M data size, HFBLGERC achieves a VCE of 95.88%, 
while the other models fall behind. This indicates that HFBLGERC is well-suited for efficiently utilizing VMs in 
large-scale data processing tasks. The reasons for HFBLGERC's better VCE performance can be attributed to its 
advanced neural architectures, including BiLSTM, BiGRU, and ES-RNN. These architectures enable HFBLGERC 
to make more informed and adaptive scheduling decisions, ensuring that VMs are allocated and utilized optimally. 
The model can dynamically adjust to the changing resource demands of tasks, resulting in higher VCE. In practical 
terms, the impact of HFBLGERC's superior VCE is improved resource utilization, reduced wastage of 
computational capacity, and enhanced efficiency in cloud computing environments. Organizations implementing 
this model can expect to make the most out of their VM resources, leading to cost savings and better overall 
performance in their big data processing tasks. HFBLGERC's ability to maximize VCE contributes to more 
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efficient and responsive cloud resource management. Similarly, the DHR for different scheduling operations can 
be observed from figure 4 as follows, 

 
Figure 4. DHR of resource scheduling in big data environments 

The Deadline Hit Ratio (DHR) is a crucial metric in resource scheduling for big data environments. It quantifies 
the efficiency with which tasks are scheduled to meet their respective deadlines. DHR is represented as a 
percentage, where a higher value indicates a better ability to ensure that tasks complete within their specified 
deadlines. Upon examining the DHR results, it is evident that the HFBLGERC model consistently outperforms 
the other models across various data sizes. For example, at a data size of 1530k, HFBLGERC achieves a DHR of 
85.81%, which is substantially higher than the DHR values of LSCSO (73.38%), RLSH (76.90%), and CRL 
(75.34%). This trend persists as the data size increases. The impact of HFBLGERC's superior DHR is significant. 
A higher DHR percentage signifies that a larger proportion of tasks are successfully meeting their deadlines. With 
HFBLGERC, tasks are scheduled and managed more effectively, ensuring that critical time-sensitive objectives 
are consistently achieved. As the data size scales up, HFBLGERC maintains its advantage in DHR. At 153M data 
size, HFBLGERC achieves a DHR of 92.52%, outperforming the other models. This indicates that HFBLGERC 
is well-suited for handling large-scale data processing tasks with a high degree of deadline compliance. 

VI. CONCLUSIONS 

In conclusion, this paper has presented HFBLGERC, a novel and efficient approach for responsive resource 
scheduling in Map Reduce-based cloud environments. The ever-increasing complexity and dynamism of modern 
applications demand an intelligent and adaptive task allocation mechanism that can optimize resource utilization 
and ensure timely service delivery. Traditional scheduling methods fall short in this regard, failing to account for 
the multi-dimensional attributes of tasks and virtual machines (VMs). HFBLGERC addresses these limitations by 
integrating advanced neural architectures, specifically BiLSTM, BiGRU, and ES-RNN, to create a holistic and 
adaptive task scheduling solution. 
Our extensive comparative analysis has showcased the remarkable performance of HFBLGERC across various 
data sizes. It consistently outperforms existing models in terms of makespan, VM Computational Efficiency 
(VCE), Deadline Hit Ratio (DHR), HFBLGERC's ability to reduce makespan by 4.9% and improve VM 
computation efficiency by 3.5% demonstrates its tangible advantages over traditional techniques. Moreover, its 
impact on DHR is profound, with a 1.5% increase in the deadline hit ratio, ensuring that critical tasks meet their 
time-sensitive objectives. Additionally, the model's reduction in decision delay by 4.5% promotes more responsive 
and efficient cloud computing operations. 
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