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 Background: Perspective Study on Various Approaches for Resource Management 
and Job Scheduling in Computational Grid Environment.  Objective: Grid computing 
has emerged to be a platform for real-time resource sharing in the area of advanced 
computing. Resource management is one of the major technical concerns in 
computational grid. Handling diverse application requirements and underutilized 
computational resources complicate the job scheduling. Further, the coordination and 
orchestration of resources at runtime adds more complexity. Very large computations 
have to be scheduled and suitable resources need to be assigned. In this paper, various 
resource management techniques and scheduling approaches have been analysed with 
the suitable parameter. The study is presented with the comparison. Results: Bidding 
model for resource management reduces the performance loss in throughput. However, 
it does not address resource utilization which is a main concern for any grid resource 
management. ARI load balancing strategy is efficient in terms of load balancing and 
power management but it lacks fault tolerance. Though CDA method is efficient for 
resource owners and consumers, its turnaround time is high. Recursive architecture 
does not address resource utilization and load balancing levels. Multi-state Q-learning 
algorithm minimizes the response time and provides load balance. Machine learning 
approach is more adaptive and addresses the resource utilization effectively. Active rule 
learning approach provides effective resource management and fault tolerance. As it 
continuously learns from the environment, it is highly adaptable and can work well in 
the dynamic heterogeneous grid environment. Conclusion: In this paper, the issues of 
resource management and job scheduling in grid environment have been discussed. 
Various resource management techniques and job scheduling approaches have been 
discussed. The efficiency and performance of each technique has been analysed with 
suitable performance parameters. Since the emerging learning based approaches are 
more adaptive in nature and effective in resource utilization. Generalized model of 
learning-based approach is presented. This study gives much focus for our future work 
towards advanced learning based algorithms for resource management and job 
scheduling in computational grid environment.  
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INTRODUCTION 

 
 Grid is a form of distributed system which involves the usage of heterogeneous resources and supports the 
sharing of resources for efficient execution of applications. Grid network systems link computing resources 
together in an approach that contracts someone use one computer to access and force the collected power of all 
the computer machines in the environment. 
 One of the substantial concerns in grid environment is to utilize the resources efficiently and provide the 
user with a cost effective infrastructure. This leads to the need of efficient resource management systems (RMS) 
in grid infrastructure. The RMS accomplishes the pool of resources that are available to the Grid, i.e. the 
scheduling of processors, network bandwidth, and disk storage. In a Grid, the pool can include resources from 
different providers thus demanding the RMS to hold the trust of all resource providers. The characteristics of the 
following attributes of grid classify the taxonomy of grid RMS: grid type, resource model, resource namespace, 
resource discovery, QoS support, state estimation, scheduler organization, scheduling model and rescheduling 
approach (Belabbas Yagoubi, 2006; Issam Al-Azzoni, 2009). Based on the scheduling structure, the grid 
resource management system can be classified as centralized, decentralized and hierarchical (Belabbas Yagoubi, 
2006). 
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 In centralized architecture, the job requests are submitted to the central scheduler. The central scheduler is 
responsible for making the scheduling decisions at runtime and it allocates the jobs to the appropriate resources 
(Belabbas Yagoubi, 2006). The centralized architecture is easy to manage and very simple to implement in the 
grid RMS but it lacks scalability (Belabbas Yagoubi, 2006) and fault tolerance (Issam Al-Azzoni, 2009). 
 In decentralized architecture, the central scheduler is not present. The resource requestors and resource 
owners schedule the jobs to resources independently (Belabbas Yagoubi, 2006). The decentralized architecture 
is highly scalable and fault tolerant. In addition to these, it addresses the problems of site autonomy and multi-
policy scheduling (Issam Al-Azzoni, 2009). However, there is a need to manage the co-operation of schedulers 
in making the scheduling decisions. 
 In hierarchical architecture, the schedulers are organized in a hierarchy. Higher level schedulers manage the 
high level resources and lower level schedulers manage the low level resource (Belabbas Yagoubi, 2006). This 
architecture addresses the issues of scalability and fault tolerance well but it does not provide site autonomy and 
multi-policy scheduling (Issam Al-Azzoni, 2009). 
 To achieve high performance in grid environment, scheduling aims at finding the suitable allocation of 
resources for each job. In scheduling, the complexity lies in the decision making since the processors has to be 
utilized efficiently. Various algorithms address this complexity. They can be categorised into static and dynamic 
algorithms. The main drawback of dynamic scheduling is the overhead occurring due to determining the 
schedule while the program is running. And the major benefit of dynamic scheduling over static scheduling is 
that the system need not be aware of the run-time behaviour of the application before execution. 
 The remainder of the paper is structured as follows: the grid Resource Management Techniques are 
discussed in section II. Section III describes the job scheduling techniques. The analysis of all the resource 
management and job scheduling techniques is given in section IV. Section V concludes 
 
Resource Management: 
 The dynamic grid environment comprises of several virtual organizations (VO) which associate 
heterogeneous users and resource providers. Users perform resource consuming activities called ‘jobs’ that has 
to be mapped to the resource providers using resource allocation mechanism. The allocation mechanism should 
be highly scalable and robust to accommodate local failures. Many researchers have addressed these problems 
in the perspective of centralized, decentralized and hierarchical scheduling architectures. This section briefs the 
grid RMS in terms of the scheduling architecture and discusses some of the grid resource management systems. 
 
Non-reserved Bidding Model for Resource Management (NRBM): 
 In the bidding model [r1] for resource management, the resource requester initiates the bidding process by 
sending a set of CFP (call-for-proposal) requests to the resource providers. The CFP request contains the job 
requirements. The provider’s participation in the bidding process is based on the resource utilization and the 
policies. The providers which decide to join the bidding, returns the bids to the requester. The bids contain the 
states of the resources. Upon receiving the bids from resource providers, the requester evaluates and ranks the 
bids based on its selection strategy. The job is submitted to the provider that proposes the best-ranked bid [r1]. 
The Taiwan Unigrid system uses Non-reserved Bidding Model for its application benchmarks, namely, the Fast 
Fourier Transform (FFT), Jacobi Successive Over-relaxation (SOR), Monte Carlo Integration (MCI) and Dense 
LU Matrix Factorization (LU). 
 The bidding model deals well with scalability, autonomy and reliability of the heterogeneous grid 
environment. In a non-reserved bidding-based grid environment, it reduces the turnaround time [r1]. 
 
ARI Load balancing Strategy using Vacation Queuing Model (ARI-Adaptive Receiver Initiated): 
 ARI Load Balancing Strategy is a decentralized, receiver initiated algorithm which considers resource 
heterogeneity, job migration cost and the network dynamics. This algorithm aims at efficient load balancing and 
power management. Each site maintains a number of neighbouring sites which will be used for load balancing. 
Each site collects the information about its neighbouring sites which includes the processing capacity and the 
current load from which the average load is calculated. If a site’s load is greater than the average load, it 
receives the extra load from the neighbour sites so that all the sites can finish job execution at the same time. 
The job will be migrated only if its expected finish time on the destination site is less than the expected finish 
time on the source site. When a site executes the migrated jobs, the jobs which newly arrive will be paused. 
During job migration, the QoS requirements are also considered. If the expected finish time is greater than the 
QoS requirements, the execution of migrated jobs is terminated. 
 Since the ARI algorithm achieves a high throughput, it is suitable for the heterogeneous grid environment. 
The job migration facilitates high resource utilization. 
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Continuous Double Auction Method for Resource Allocation (CDA): 
 In the continuous double auction method, the resources are represented as provider agents and the users are 
represented by consumer agents. The consumer agents submit bids and provider agents submit requests 
independently to the auctioneer during the trading period. The auctioneer maintains the bid values in increasing 
order and request values in decreasing order. If the highest bid is greater than or equal to the least request value, 
then the trade is executed at the average of matching request and bid prices. Some economic model 
computational grids are using CDA. 
 The CDA method achieves successful execution rates, high resource utilization and fair profit allocation. 
 
Recursive architecture for Resource Management (RA): 
 In this architecture, the meta-schedulers are placed in an arbitrary number of levels of hierarchy. The 
resources can be arranged in different ways, hiding the access details. The services in Globus Toolkit are 
recursively used to provide a virtualized resource management. Recursive architecture reduces the performance 
loss. However, the throughput needs to be increased.    
 
Machine Learning Techniques: 
 Machine learning is an approach which allows the computer to learn to recognize complex patterns and to 
make decisions on its own, based on the past data. The efficiency improves with experience. The taxonomy of 
machine learning algorithms is listed below: 
• Unsupervised learning: In unsupervised learning, the learner generates patterns from input set, to make the 
decisions. 
• Semi-supervised learning: Semi-supervised learning aims at combining the labelled data from supervised 
taxonomy and unlabeled data from unsupervised taxonomy to make the decisions (Xiaojin Zhu, 2009). 
• Reinforcement learning: In reinforcement learning, the learner makes the decisions in such a way that it 
increases the rewards and decreases the punishments. The correct input/output pairs are never presented to the 
learner. 
 To execute the programs in a global grid environment, a dynamic resource management model which is 
adaptive and flexible is required. This leads to the idea of using an intelligent learning-based resource 
management strategy to eliminate the imbalance of load. The comparison of graph-based algorithms is shown in 
Table II. 
 
Multi-State Q-Learning Approach (MSQL):   
 Q-learning is a reinforcement learning taxonomy which learns directly from the system with which it is 
employed (Sina Meraji, 2010). Multi-State Q-learning approach for dynamic resource management creates an 
algorithm from the combination of computation and communication algorithms. The resulting Q-learning 
algorithm determines three parameters – (a) the number of processors involved, (b) the load which is exchanged 
and (c) the type of load balancing algorithm (Sina Meraji, 2010). The main feature of Q-learning algorithms is 
that the runtime and implementation overhead is low. But it is slow to converge and many times, the decisions 
made are not satisfactory. 
 
Machine-Learning Approach (ML):   
 Machine learning approach uses the data mining rules to manage the resources (Ashish Revar, 2010). The 
jobs are moved from heavily-loaded processor to lightly-loaded processor whenever there is a change in the load 
configuration. The initial parameters and the current parameters of load information are retrieved from the 
database whenever the load configuration changes. The decisions to move the jobs are made and the current 
parameters are updated. 
 
Active Rule Learning using Decision Tree (ARLDT):   
 A Resource Management System has to cater the need of responding quickly and increasing the 
performance of resource management. Thus, a learning system is required to update the resource management 
rules. The active learning database manages the information and the rules. To support the rules in grid 
environment, Grid-JQA architecture is employed. The active database contains an online part and offline part. 
The online part manages the resources using static rules. The offline part performs rule learning and updates the 
online part. The learning process is parallelized using decision trees. The active rule learning approach to 
resource management responds quickly with high performance. Moreover, this approach is adaptive. 
 
Job Scheduling: 
 Job scheduling is the charting of jobs to specific physical resources, trying to reduce some cost  function 
specified by the user. Job scheduling aims at shortening the job completion time and enhancing the system 
throughput. Various algorithms have been proposed to schedule jobs and to avoid unnecessary delays in grid 
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environment. In this section, we discuss some of the job scheduling algorithms based on agents, heuristics, task-
independent and learning. 
 
Enhanced Particle Swarm Optimization Algorithm (PSO): 
 The PSO is a heuristic approach, population-based computer algorithm modelled on swarm intelligence. A 
communication structure or social network is also defined, assigning neighbours for each individual to interact 
with. Then a population of individuals defined as random guesses at the problem solutions is initialized. The 
particles iteratively evaluate the fitness of the candidate solutions and remember the location where they had 
their best success. Each particle makes this information available to their neighbours. 
 
Grid Scheduling using Ant Colony Optimization (ACO): 
 In The fundamental approach with ACO is an iterative process in which a population of simple agents 
repeatedly constructs candidate solutions. The heuristic information about the given problem instance as well as 
by a shared memory containing experience gathered by the ants in previous iteration is probabilistically guide 
for construction process.  
 Here the main idea is to collaborate the artificial agents to solve computational problems by using the self-
organizing principles to coordinate populations.  
 Self-organization is a set of dynamical mechanisms whereby structures appear at the global level of a 
system from interactions among its lower level components.  
 The main advantage of this approach is that it can be used in dynamic applications, since it adapts to 
changes and positive feedback accounts for rapid discovery of good solution. However sequences of random 
decisions are not independent and Time to convergence uncertain (but convergence is guaranteed). 
 
A stochastic scheduling algorithm for precedence constrained tasks on grid (SSA): 
 In real world problems with precedence constraints, for interpreting communication cost and processing 
time as random variables, stochastic grid parallel applications are considered by submitting users and generally 
independent of each other, which request systems  services for their execution. The stochastic heterogeneous 
earliest finish time approach aims to schedule the tasks by assigning tasks to the machine that minimizes 
makespan thereby achieving low complexity and high performance.  
 
Multi Agent-based system for Scheduling Jobs (MAS): 
 The system consists of a set of static and mobile agents. The user interface module contains the interface 
agent (IA) which is static. This agent is responsible for receiving requests from users, sending it to the GS 
module, and delivering results obtained from the GS module to users. 
 The GS module contains a scheduling agent (SA) which is static. This agent receives job information from 
the job queuing module. The job dispatcher sub module has the ability to generate mobile agents called job 
agents (JA). These agents are sent to grid resources carrying jobs to be executed.  
 Each job agent has two trips into the domain. The first trip is called the delivery trip. During this trip, each 
job agent will be directed to the first resource in the list of resources. In the second trip, which is called the 
return trip, the job agent will start collecting results from the resources in the domain. During this trip, the agent 
will only pass on the allocated resources to collect results of jobs. After finishing the collection of results, the 
agent will return back to the GS module.  
 The RIC module has a static agent called database interface agent (DBIA). This agent receives requests 
about resources information from the GS module. Then, it forms quires, sends it to the resources database and 
receives resources information from the database. Finally, the agent sends the GS module the results of quires. 
 
Multi-agent Reinforcement Learning Approach for Job Scheduling (MARL): 
 A novel multi-agent, decentralized learning process learning method, called the ordinal sharing learning 
(OSL) method, is introduced for job scheduling problems, especially, for realizing load balancing in grids. This 
approach circumvents the scalability problem by using an ordinal distributed learning strategy, and realizes 
multi-agent coordination based on an information-sharing mechanism with limited communication. Firstly, it 
adopts a distributed reinforcement learning framework and employs a novel utility-table-based learning strategy. 
Since the OSL method merely utilizes the local information for learning, it is a reinforcement learning method 
based on independent learners. Secondly, it makes use of an information-sharing mechanism with limited 
communication costs to solve the multi-agent coordination problem. 
 The main advantage of OSL is the low communication costs for coordination due to the shared learning 
process. This decentralized approach is more efficient than the Simple Learning Selection (SLS).However SLS 
method which has good performance when the number of schedulers is much greater than the number of 
resources and better maximal load of resource (LoR).  
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Learning-based Negotiation Strategies (LNS): 
 Negotiation is the process towards creating suitable agreements between different parties in a grid. During 
the negotiation process, every user or resource provider will have an agent or resource broker as a negotiation 
wrapper which will act on behalf of the participant. In order to automate the negotiation process, suitable 
negotiation models are required that take the different policies and objectives of the resource providers and 
resource users into account and produce suitable service level agreements in reasonable time with minimized or 
even no user and provider interference.  
 To improve the efficiency of the negotiation, the negotiation process should be multi-rounded based. 
Learning-based negotiation strategies are easy to deploy. 
 
Analysis: 
 Bidding model for resource management reduces the performance loss in throughput. However, it does not 
address resource utilization which is a main concern for any grid resource management. ARI load balancing 
strategy is efficient in terms of load balancing and power management but it lacks fault tolerance. Though CDA 
method is efficient for resource owners and consumers, its turnaround time is high. Recursive architecture does 
not address resource utilization and load balancing levels. Multi-state Q-learning algorithm minimizes the 
response time and provides load balance. Machine learning approach is more adaptive and addresses the 
resource utilization effectively. Active rule learning approach provides effective resource management and fault 
tolerance. As it continuously learns from the environment, it is highly adaptable and can work well in the 
dynamic heterogeneous grid environment. The comparison of the grid resource management techniques is given 
in Table I. 
 
Table 1: Comparison of Resource Management Techniques. 

Algorithm Performance Parameters 
Turnaround Time Resource Utilization Load Balance 

NRBM Medium Not Addressed Low 
ARI High High Addressed 
CDA High Medium Addressed 
RA Medium Not Addressed Not Addressed 

MSQL Low Medium High 
ML Low High High 

ARLDT Low High High 
 
 Enhanced PSO algorithm concentrates on minimizing the makespan but still its execution time has to be 
minimized. Ant Colony Optimization provides inherent parallelism but its convergence time is uncertain. 
Hence, its effectiveness has to be improved and the limitations have to be reduced. The Stochastic scheduling 
algorithm minimizes the makespan in the stochastic scheduling environment. But it does not address the 
scheduling problem in the large-scale heterogeneous grid environment with security and reliability 
requirements. 
 The multi-agent based system concentrates on reducing the load of the grid and minimizing the response 
time for applications. Learning-based negotiation strategies support an automatic and reliable interaction 
between resource providers and users in the grid environment. This model is practically applicable in a real grid 
scheduling environment. The OSL algorithm has the abilities to self-configure and to self-optimize in the 
dynamic grid environment. It uses a distributed learning strategy to achieve multi-agent coordination and 
addresses scalability problem. The OSL algorithm also balances the load effectively. The comparison of job 
scheduling techniques is given in Table II. 
 
Table 2: Comparison of Job Scheduling Techniques. 

Algorithm Performance Parameters 
Makespan Communication Cost Load Balance 

PSO High High Not Addressed 
ACO High High Not Addressed 
SSA Average Average Not Addressed 
MAS Better Better Not Addressed 

MARL Low Low Not Addressed 
LNS Low Low Addressed 

 
 Machine learning approaches for resource management as well as job scheduling provides better 
adaptability which is essential for the changing requests and resources in the dynamic grid environment. Figure. 
1 shows the generalized representation of grid resource management system with machine learning. The 
learning service which works offline facilitates the rule learning and updating in order to achieve adaptability. 
 The learning service which works offline facilitates the rule learning and updating in order to achieve 
adaptability. The analyser monitors the performance of the meta-scheduler on handling the requests using the 
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initial rules in rules repository. The constructor correlates the attributes of the requests and generates new rules 
or modifies existing rules. It simulates the generated rules and checks for better performance. The updater 
includes the new rule to the rules repository and removes redundant rules. The GRMS with learning service 
shows improved fault tolerance since it is adaptable to any changes in the dynamic grid environment. 

 
Fig. 1: Grid Resource Management System with Machine Learning. 
 
Conclusion: 
 In this paper, the issues of resource management and job scheduling in grid environment have been 
discussed. Various resource management techniques and job scheduling approaches have been discussed. The 
efficiency and performance of each technique has been analysed with suitable performance parameters. Since 
the emerging learning based approaches are more adaptive in nature and effective in resource utilization. 
Generalized model of learning-based approach is presented. This study gives much focus for our future work 
towards advanced learning based algorithms for resource management and job scheduling in computational grid 
environment.  
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