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Abstract 

Cloud computing is designed as computing as a utility. Customers rent computing 

resources in the cloud to complete their work. To ensure the quality of service (QoS) 

requirements defined by customers and guarantee the resource utilization in cloud 

datacenters, effective resource management systems should be considered. However, with 

more and more individuals and enterprises migrating their work into the cloud, 

workloads in the cloud become more and more heterogeneous. Meanwhile, resources are 

much more heterogeneous as cloud providers constantly scale or update the clusters with 

new generations of machines. Withal, workloads are dynamic with different resource 

demands during their execution. Besides, machines are re-engaged frequently after 

removal due to various reasons such as crushing and updating. The heterogeneity and 

dynamicity in both workloads and resources are huge barriers to using classic resource 

management systems. This paper will first introduce the status quo of cloud computing 

environment, and then give an overview of resource demand prediction and allocation 

policies. Finally, challenges are proposed to help build adaptive resource management 

systems. 
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1. Introduction 

Cloud computing brings a surge of buzz and excitement, promising low cost, high 

availability, high reliability, elastic scalability and robust performance. Attracted by these 

charming characteristics, famous enterprises like Google, Amazon and Facebook, migrate 

their data into the cloud and process their transactions using large distributed computing 

frameworks in the cloud, such as MapReduce [1]. Additionally, individuals can access 

cloud computing services, by renting computing resources via Amazon’s EC2. 

Convenience, economic benefits and flexibility make the cloud computing experience 

huge expansion. 

Generally speaking, to complete jobs in the cloud, customers should submit their jobs 

to a cloud service provider with QoS requirements and manually requested computing 

resources. After receiving requests for computing resources, the cloud service provider 

checks the state of the resource utilization in the cloud datacenter at first. If requested 

resources are available, the cloud service provider will allocate resources to customers 

according to certain scheduling policies. The whole procedure is manipulated by a 

resource management system [2, 3, 4, 5]. A well designed resource management system 

can satisfy customers by accomplishing their jobs with performance goals, in a budget 

lower than expected. Meanwhile, it can improve the resource utilization and balance the 
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load in the datacenter, which indirectly brings cloud service providers incremental profit. 

However, it is challenging to build an efficient resource management system in the cloud 

due to the heterogeneity and dynamicity of the cloud. 

In cloud computing environment, it is an ideal to deal with homogenous workloads [6]. 

Actually, as workload spans multiple customers, it is likely to be inherently diverse in 

resource demand. Even workloads from a single customer may vary the resource demand 

due to different computing objectives. Moreover, the consolidated cloud environment 

which is constructed by a variety of machines is also heterogeneous. Several generations 

of machines with different specifications can be possibly encountered as new machines 

with high performance cost ratio are continuously incorporated to scale the cloud 

computing clusters. The heterogeneity in both workloads and machines may complicate 

the method of allocating resources in time to meet the specified performance goals and 

meanwhile achieve high resource utilization. Furthermore, due to this reason, efficient 

resource management systems cannot be easily established. 

In another perspective, the dynamicity of the cloud also complicates the problem 

building an efficient resource management system. On the one hand, workloads in the 

cloud are dynamic. Customers rent virtual machines in the cloud to complete their jobs, 

each possibly containing a mix of sub-tasks. The diversity of these jobs and their arrival 

patterns lead to a dynamic range of resource demands with significant variation over time. 

Traditional methods can hardly predict the future resource usage due to the highly 

dynamic resource usage. On the other hand, resources in the cloud are also dynamic. 

Machines are re-engaged after removal due to various reasons such as crushing or 

updating. The dynamicity of both workloads and the cloud environment motivates 

techniques for dynamic allocation policies, which is another challenge issue to be solved 

in building efficient resource management systems. 

In conclusion, to accomplish jobs with personalized QoS requirements under budget, a 

resource management system should be maintained, which firstly predicts the resource 

usage, secondly allocates the resources and thirdly migrate tasks when necessary. 

However, due to the heterogeneity and dynamicity in both workloads and cloud 

computing environment, resource management system with traditional resource demand 

prediction and allocation policies are no longer adaptive. In this paper, we discuss the 

opportunities and challenges to build a resource management system in the cloud. From 

the perspective of architecture, a resource management system must contain various 

components, such as resource provisioning component, job scheduling component, VM 

management component, monitoring component and so on. Improvement made on any 

component will help construct an efficient resource management system. In this paper, we 

choose the resource provisioning component, which is composed of resource demand 

prediction and allocation, as the start point to help build an efficient resource management 

system. First, we will summarize the traditional resource demand prediction methods and 

allocation policies and point out their limits when dealing with heterogeneous workloads 

in the cloud. Then we describe the architecture of an efficient resource management 

system with new components such as SLA designer, resource predictor and so on. Finally, 

we propose new challenges in building efficient resource management systems. 

The remainder of this paper is arranged as follows: Section 2 characterizes workloads 

in the cloud. Overviews on resource demand prediction methods and resource allocation 

policies are introduced in section 3 and 4, respectively. Section 5 describes the 

architecture of a resource management system. Section 6 proposes challenges to build an 

efficient resource management system. Section 7 concludes the discussion and brings out 

our future work. 
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2. Workloads in the Cloud 

Before investigating key components in an efficient resource management system, we 

would like to analyze the workloads in the cloud first. To better serve customers and 

achieve win-win goals, a comprehensive understanding of workloads is absolutely 

necessary. Workloads from several organizations have been published for 

investigation, such as Google workload trace [7, 8, 9, 10, 11]. In  this section, we 

will first classify the common workloads in public clouds. Then workload 

characterizations in the cloud will be analyzed. Finally, we will introduce workload 

modeling techniques summarized in [12] to help profile workloads in a real cloud. 

 

2.1. Workload Classification 

Workloads in a public cloud are diverse. To facilitate the management and understand 

the characteristic of each workload, we classify the workloads into different categories. 

The classification on workloads can be made from various perspectives. 

Alexey Tumanov et al. [13] classified workloads in the cloud based on the location 

where they had been processed: 

1) NBODY: Workloads which are tightly coupled computed-bound can run across 

many servers in a distributed system, but gain advantage in performance when all of 

its resources are assigned on a single server. 

2) PI: Workloads without locality constraints have throughput in linear with resources 

assigned to them. 

3) LOCAL: Workloads must be processed on a single server with all required 

resources on the same server. 

Charles Reiss et al. [8] categorized workloads based on performance metrics (e.g. 

runtime, throughput): 

1) Long running services: Services (such as web services) employ a certain amount of 

resources to provide productions for a long time and provide productions for benefits 

indefinitely [14]. 

2) Short running jobs: Computational jobs employ computing resources over short 

periods, where primary metric are measured in seconds (e.g. FLOPs, jobs/s, MB/s, 

I/O rates), as opposed to operations (e.g. jobs) per month [15, 16]. For example, 

MapReduce or Dryad [17] runs many short jobs. 

3) High throughput jobs: Computational jobs use many computing resources over long 

periods [18]. 

Benjamin Farley et al. [10] classified workloads based on the bottleneck when running 

applications (an application can be composed of one or several jobs): 

1) CPU bound jobs: The limiting factor of solving given computational problem is the 

speed of the central processor. 

2) Memory bound jobs: Time to complete a given computational problem is decided 

primarily by the amount of memory required to hold data. 

3) I/O bound jobs: Time to accomplish a computation is determined principally by the 

period spent waiting for input/output operations to be completed. 

Other researchers also made reasonable classifications, such as scientific computing, 

elastic long-running Internet services, data analysis of many scales, software development 

and test and engineering optimizations, which are classified based on the function of 

applications. In this paper, we are interested in workload classification based on 

performance measurements. Using this classification method, we can conveniently 

observe the relationship between workload characterization and resource consumption, 

which can help make efficient resource demand prediction and allocation policies. Further, 
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with the help of these well-designed vital techniques, an efficient resource management 

system can be established. 

 

2.2. Workload Characterization 

According to various analyses of Google trace [19], characterization of workloads in 

the cloud can be summarized as follows: 

1) Heterogeneous: As we have already mentioned, workloads in the cloud are diverse. 

The heterogeneity of workloads is inevitable, in terms of job duration, job shapes and 

distribution. The duration of a job in the cloud ranges from minutes to months. 

Generally speaking, production workloads have a higher proportion of long-running 

jobs. The job shape refers to the resource request, namely the CPU, memory, and 

bandwidth demand. Jobs in different workloads have different shapes. Due to the high 

heterogeneity of workloads, there is unlikely any common distribution which will 

accurately model all the workloads in the cloud. 

2) Dynamic: Downtime happens constantly. However, more than 99% machines keep 

working most time and the available rate of machines never fall below 98%. 

Schedulers in the cloud should deal with several to hundreds jobs per second, which 

is primarily caused by large amount of short-duration jobs and resubmissions of 

undone jobs. Along with the raise of resubmissions, crash-loops increase, which often 

occurs among low priority jobs. High priority jobs crash either, but less. Finally, 

small jobs and low priority jobs are evicted when resource contention occurs. 

3) Predictable: The Google workload trace contains resource requests as well as 

resource usage. The resource requests are unconcernedly made by customers. 

Interestingly, the resource requests are usually much too higher than actually used. 

For example, 80% higher in memory and 100% higher in CPU. According to the 

resource usage records, the overall resource utilization is stable. There are numerous 

short-duration jobs and a great deal of repeated submissions. So it appears that the 

resource request can be and should be predicted by history resource usage records. 

4) Constraint: Some jobs submit resource request with constraints such as minimum 

memory capacity or storage locality etc. 

Clearly understanding these characteristics of workloads in the cloud, we can design 

efficient resource management systems specially tailored for workloads in the cloud. 

 

2.3. Workload Modeling Techniques 

Unfortunately, comprehensive characterizations on various workloads cannot be 

achieved easily. To clearly profile a workload in the cloud, we can use certain workload 

modeling techniques. More specifically, with measured data (often recorded as a trace, or 

log of workload-related events), we can model the workloads [20] to evaluate 

performance, plan capacity, detect anomaly and predict what will happen in the future. 

The main steps to model a workload can be summarized as follows: 

1) Formulation: Basic components and characterization levels (e.g. level of detail such 

as job step, interactive command, transactions to a database) of a workload, together 

with parameters for its description, should be selected. Additionally, criterions for 

evaluating the model representativeness should be determined either. 

2) Collection of parameters: The parameters of the workload are collected when the 

workload is executed. 

3) Statistical analyses of measured data: When parameters have been collected, we 

can first filter the outliers and scale the parameters to an adaptive degree. Then we 

sample from the collected data set for detail analysis since analysis based on the 

whole data set is a waste of time and computational resources. Finally, we can use 
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clustering [21], time series [22] and probabilistic graphs [23] to describe the behavior 

of the workload. 

4) Representativeness: The performance based criterions, in terms of a vector, is 

widely applied. The vector comprises of performance indices selected according to 

the objective of the study, such as response time, throughput, resource utilization etc. 

The accuracy of a workload model is determined by the difference between the 

model vector and real workload vector. 

After above steps, we can have a comprehensive observation on the characterization of 

workloads in the cloud. Then based on the characterization, resource demand prediction 

and allocation policies specially tailored for each workload can be well designed. 

 

3. Resource Demand Prediction Overview 

In the cloud, pooled computing resources including storage, processing, memory, 

network bandwidth and virtual machines, are served to multiple customers using a multi-

tenant model, with various physical and virtual resources dynamically assigned and 

reassigned according to customers’ demand [24]. Existing cloud service providers ask 

customers to manually request the resource demand. However, general customers, 

especially non-IT customers, have no idea to make efficient resource demand applications, 

which will decrease the resource utilization in the cloud and meanwhile brings in 

unnecessary monetary cost. As a result, automatic accurate resource demand prediction is 

meaningful for making a great contribution to resource allocation and job scheduling, 

which will improve the resource utilization in the cloud and save unnecessary monetary 

cost for customers. 

Resource demand prediction is first proposed to estimate the trend of system resource 

usage in the immediate future. With the estimation of system resource usage, the resource 

provider can make timely decisions to scale the cluster and re-schedule jobs. To estimate 

the future resource usage pattern, the following methods are widely investigated: 

1) Linear time series was first formulated by Box and Jenkins in 1970s [25], which 

was analyzed to forecast the future observation based on historical observations of 

the same measurement. When researchers try to predict the system resource 

consumption, they consider the resource variations as a linear time series and use 

various models, such as autoregression model and moving average model, to make 

the estimation [26, 27, 28]. Such approaches perform well in predicting resource 

usage for non-computational jobs, for example, web services. As for computational 

jobs, they would estimate the resource usage with less accuracy. 

2) Wavelet analysis, or wavelet transform, considers forms of time-frequency 

representation for continuous-time signals and finds the intuitive insight form the 

information seemingly complex. Using wavelet analysis, researches consider the 

resource variations as a superposition of multiple waveforms and predict well with 

periodical variations [29]. However, it performs considerably terrible when 

encountering applications with too much randomness. As a result, it is often 

combined with other techniques, such as support vector machine. 

3) Stochastic process or random process is a collection of random variations or systems 

over time. Resource variations are taken as a stochastic process which is based on the 

assumption that the resource information follows normal distribution [30]. However, 

for most jobs in practical, the resource usage information may not follow the normal 

distribution, which limits their application. 

4) Machine learning concerns the construction and study of systems that can learn 

from data. Specifically, it focuses on prediction, based on known properties learned 

from the training data. Resource variations are well learned by machine learning 

models, such as support vector machine [31], M5P [32], Bagging [33], REPTree [34] 

and so on. Many researches have demonstrated that machine learning methods 
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outperform the previously described techniques. There are also recent works [35] 

trying to introduce more sophisticated learning techniques from other fields such as 

machine vision [36, 37] and robotics [38]. However, considering the tradeoff of 

accuracy and computing complexity, appropriate models should be used for different 

jobs. 

Along with the development of resource management system, resource demand 

prediction is gradually applied in estimating the resource demand of jobs before 

practically execution. The situation is considerably different with that predicting the 

resource usage in a server. The latter focuses on analyzing historical resource usage 

records to predict the immediate future resource usage in the cluster, without considering 

the individual jobs. While predicting the resource demand for a job to be executed, the 

information about the job itself is of great importance and different jobs intuitively may 

need different amount of resources. Current representative cloud service providers, such 

as Google, ignore the importance of resource demand prediction by submitting the 

resource demand discretionarily, which directly results in the low resource utilization of t 

he cluster (Figure 1). 

Figure 1. Moving Hourly Average of CPU (Top) and Memory (Bottom) 
Utilization (Left) and Resource Requests (Right). Stacked Plot by Priority 

Range, Highest Priorities (Production) on the Bottom (Red), Followed by the 
Middle Priorities (Green), and Gratis (Blue). The Dashed Line Near the Top 

of each Plot Indicates the Total Capacity of the Cluster 

To predict the resource demand of a computational job, methods introduced above are 

not entirely appropriate. Time series models cannot predict resource demand for 

individual computational jobs due to the reason that resource demands of various jobs are 

not stationary time series. The wavelet analysis cannot handle jobs with abundant 

randomness. Resource demands required by jobs which do not fit normal distribution 

cannot be predicted using stochastic process models. Stochastic process algorithms are 

complex and inefficient. Additionally, under-fitting and over-fitting are often triggered by 

ill parameters. Machine learning methods are widely used in resource demand prediction, 

among which linear regression, artificial neural network (ANN) and support vector 

machine (SVM) are the typical [39]. 

1) Linear regression is one of staple methods in statistics and it finds application in 

numeric prediction especially where the output (or target class) and the attributes (or 

features) are numeric. Abhishek Verma predicted the map and reduce slots for a 

given job with deadline using a linear regression model [40]. Whereas, linear models 
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are too simple to predict the resource demand which is not linearly related to the 

given information. 

2) Artificial neural network is a computational tool originally modeling the 

interconnection of neurons in the nervous systems of the human brain, which has 

been applied to problems ranging from recognition to prediction. In the resource 

demand prediction domain, the characteristics of resource variations are generalized 

by ANN through proper training. In [41], it is indicated that ANN prediction is more 

accurate compared with the methods in Network Weather Service (NWS). However, 

the process of ANN is complex and inefficient. Moreover, the choices of model 

structures and parameters are lack of standard theory, so that it suffers from over-

fitting or under-fitting with ill-chosen parameters. 

3) Support vector machine is a promising solution to nonlinear regression problems 

due to its remarkable characteristics such as good generalization performance, the 

absence of local minima and sparse representation of the solution. SVM is proposed 

based on the structural risk minimization principle while the traditional regression 

methods, including neural networks, are based on empirical risk minimization. Prem 

and Raghavan [31] applied SVM to estimate resource measures and indicated that 

predictions based on SVM are more accurate. 

Additionally, other methods based on source code such as clone techniques [42] are 

also studied to predict the resource demand for a given job. However, the source code of 

jobs is usually unavailable in the cloud, which limits the application of source code based 

resource demand prediction methods. 

 

4. Resource Allocation Overview 

To improve the resource management in the cloud, resource allocation is one of the 

cruxes. Resource allocation is the process of assigning available resources to jobs over the 

Internet. During this process, various strategies are made to utilize and allocate resources 

within the limit of cost so as to meet the QoS requirements of jobs. The input parameters 

to resource allocation strategies and the way of resource allocation vary based on services, 

infrastructure and the nature of jobs. Consequently, resource allocation strategies can be 

classified according to execution time, policy, VM, gossip, utility, hardware resource 

dependency, auction, application and SLA [43]. 

1) Execution time: Resources are reserved based on the estimated execution time of 

jobs [44]. However, the execution time is hard to estimate and errors are inevitable. 

If the estimated execution time of a job has a great bias, other jobs will inevitably be 

affected. 

2) Policy: Resources are allocated based on the most-fit processor policy 45]. The most-

fit policy allocates a job to the cluster, which produces a leftover processor 

distribution, leading to the maximum number of immediate subsequent job 

allocations. However, the most-fit policy has high time complexity due to the 

complex searching process of target cluster. 

3) VM: Resources are allocated for real time jobs based on the speed and cost of 

different VMs in IaaS [46]. It allows users to select VMs and reduces the cost for 

users. In [47], Zhen Kong proposed a resource allocation strategy among selfish VMs 

in a non-cooperative cloud environment, where VMs care essentially about their own 

benefits without any consideration for others. They utilized stochastic approximation 

approach to model and analyze job performance under various virtual resource 

allocations. However, the method is complex and not practical. 

4) Gossip: Resources are allocated based on gossip protocol, which means getting 

information for other local nodes [48, 49, 50]. The gossip protocol used decentralized 

algorithm to allocate resources and this prototype is not acceptable for heterogeneous 

cloud environment. 
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5) Utility: Utilities, in terms of response time and profit, are taken into consideration 

when allocating resources. Zhu et al. [51] dynamically allocated the CPU resources 

to meet QoS objectives by first allocating requests to high priority applications. 

Minariolli et al. [52] proposed the profit based resource allocation for VMs which 

use live VM migration as the resource allocation mechanism. For multi-tier cloud 

systems, resource allocation based on response time is proposed by considering CPU, 

memory and communication resources [53]. 

6) Hardware response dependency: Multiple job optimization schedulers are 

proposed in [54] to improve the hardware utilization by which resources are allocated 

based on the categories of jobs (CPU-bound, network I/O-bound, disk I/O bound and 

memory bound). A CPU usage based resource co-allocation approach was discussed 

in [55], which mainly focused on CPU and memory resources for co-allocation and 

did not consider the dynamicity of resource request. 

7) Auction: A sealed-bid auction mechanism was proposed in [56] to allocate cloud 

resources. The cloud service provider collected all the users’ bids and determined the 

prices. The resources were finally distributed to the first kth highest bidders under the 

price of the (k+1)th highest bid. The system simplified the resource allocation 

problem by transforming it into an ordering problem. However, this mechanism did 

not ensure profit maximization. 

8) Application: Virtual infrastructure allocation strategies were designed for workflow 

based applications where resources were allocated based on the workflow 

representation of the application [57]. A prototype system was implemented and 

evaluated for both static and adaptive allocation [58]. This system allocated resources 

to real time applications and maintained a resource monitor to collect and analyze the 

real time data. David Irwin et al. [59] suggested the integration of high bandwidth 

radar sensor networks with computing and storage resources in the cloud to design 

end-to-end data intensive cloud systems. Database replicas allocation strategy was 

designed in [60]. 

9) SLA: Most resource allocation systems are proposed to fulfill the customers’ benefits. 

Popovici et al. [61] took the price and offered load into consideration while 

designing resource allocation strategies. Lee et al. [62] addressed the problem of 

profit driven service request scheduling in the cloud by considering objectives of 

both service providers and consumers. 

 

5. Resource Management System 

The majority of existing resource management systems focus on the resource 

allocation (provisioning resources) and job scheduling (scheduling tasks onto proper 

VM resources), while the quantity and types of resources which should be prepared 

are always ignored or manually requested by users. However, users who are not 

domain experts have no idea on the resource demand of their jobs. As a 

consequence, the resource demands made by users themselves are often 

freewheeling, which will finally waste system resources or degrade the job 

performance. Additionally, resources are not encouraged to allocate directly without 

provisioning. Provisioning resources takes time which will considerably delay the 

response time in real-time applications. Besides, current resource management 

systems care little about SLA. Considering those, we proposed a novel resource 

management system shown in Figure 2. 
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Figure 2. Resource Management System 

1) Application profiler: For each application, a specific profiler is built to 

characterize the application. For instance, application configurations and user 

input parameters which can affect the performance, such as makespan. 

2) QoS compiler: Users have no ideas on concrete figures to ensure high quality 

of services. They describe their QoS requirements using natural language, such 

as high resolution, fluently and so on. Consequently, a QoS compiler which can 

transfer the natural language into specifications should be designed.  

3) Resource predictor: Current resource management systems care little on 

resource demand prediction. Instead, they use machine learning techniques to 

predict resource demand with the help of application configurations, user input 

parameters and QoS requirements. Over-provisioning and under-provisioning 

problems can be effectively decreased by applying resource predictor. 

4) SLA designer: When resource demand is predicted, we compare it with the 

available resources captured by the monitor. If there is no confliction, the 

resource request will be processed and the penalty strategy will be designed. 

Otherwise, the resource system will bargain for relenting QoS requirements 

until agreements between system and users are finally made. 

5) Resource scheduler: When resources are provisioned, a scheduler is needed to 

schedule jobs, aiming at maximizing the system resource utilization. 

6) Dynamic adjustor: Practically, the resource predictor cannot make an exact 

prediction. When jobs are executed, adjustment should be made in case of 

outrageous resource demand prediction errors. 

7) Monitor: This module is designed to monitor the resource utilization. The 

monitoring results can be used to make decisions in SLA designer, resource 

scheduler and dynamic adjustor modules. 
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6. Challenges 

Designing a resource management system introduced in section 5 will face many 

challenges. 

 

6.1. Finding the Most Vital Application Parameters 

In the application profiler module, we need to understand the most vital parameters of 

application components and user input file which will directly affect the service 

performance. Existing solutions can be divided into two categories. The first, represented 

by Kyriazis [63], asks the application developer to create an XML description of the 

application components, following a specific template. However, this method does not 

work well for existing applications lacking such precise descriptions. The second, 

proposed by Sarkar [42], presents a feedback-based job modeling scheme based on clone 

detection techniques. In this scheme, resource demand of a newly submitted job is 

predicted based on historical clones stored in the database. However, this solution 

requires the knowledge of application source code, which is not available in the cloud. 

To the best of our knowledge, there are no efficient solutions to extract key parameters 

of an application without analyzing the source code. From the application developer’s 

perspective, it is easy to decide the key parameters. However, applications in the cloud are 

published without detail description from application developers. It remains challenging 

to mine the key parameters of an application without open source. 

 

6.2. Predicting the Multi-resource Demand 

As resource demand prediction is quite an important problem, there are many solutions 

to be expected [34, 35, 39, 64, 65, 66, 67, 68, 69, 70, 71]. Specifically, workload based 

resource demand prediction is investigated in [66, 67, 70, 71], which predict the workload 

variation in the future based on historical resource consumptions. These researches can be 

used to decide the scale of clusters. Nevertheless, resource demand of individual 

applications cannot be predicted using such methods. Eun-Kyn Byun investigated 

resource capacity estimation of workflows using direct acyclic graph (DAG) structure in 

[68, 69]. The former divided the whole execution time into discrete partition and chose 

the peak resource demand in each partition as the resource capacity. However, the host 

requirement was given as prior knowledge, which was impractical. The latter proposed to 

achieve the maximum utilization through job scheduling policies, in which resource 

demand of an individual job had been manually determined. Reig et al. [34] predicted the 

CPU and memory usage respectively using machine learning techniques. The idea of their 

work can be summarized in Figure 3. However, their work is based on the assumption 

that CPU utilization and makespan have a significant linear correlation. Besides, the 

resource demand prediction should be made one by one, which means multi-resource 

demand prediction is not available. George Kousiouris [65] and Johathan Wildstrom [64] 

predicted the resource demand in another way, which is intuitively shown in Figure 4. 

Both of the work manually chose some resources first and then predicted the application 

performance. If the performance metrics can meet the QoS requirements, the manually 

chosen resources can be accepted for provisioning. Otherwise, resource adjustment would 

be made to meet QoS requirements of the application. These methods predict the resource 

demand indirectly, the advantage of which is that multi-resource demand prediction is 

available. However, the prediction accuracy of such approaches is low because these 

resource demands are set manually and these approaches focus on finding a feasible 

solution rather than an optimal solution. As a result, the resource utilization cannot be 

improved efficiently. 
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Figure 3. Given Key Parameters which 
can Characterize an Application and 

QoS Requirements, One can Predict the 
Resource Demand using Machine 

Learning Techniques 

Figure 4. Given Key Parameters which 
can Characterize an Application and 
Resource Specifics, One can Predict 

the Performance Metrics using 
Machine Learning Techniques 

As summarized above, resource demand prediction before execution applications is 

still a challenging problem, although abundant researches have been done. It needs further 

investigations on the following unsolved problems: 

1) Predict the resource demand for I/O intensive applications. Existing researches focus 

on prediction resource demand primarily for CPU intensive applications, a few for 

memory intensive applications. However, they seldom predict the resource demand 

for I/O intensive applications. 

2) Predict multi-resource demands for applications. Existing researches usually predict 

the CPU and memory resource demands respectively. In fact, there are some 

correlations between different resources. As a result, predicting multi-resource 

demands is more meaningful. 

3) Improve the prediction accuracy. The most common machine learning techniques 

used for resource demand prediction is ANN, the accuracy of which is not high. To 

make a more accurate prediction, other techniques should be investigated. 

4) Predict dynamic resource demand. The resource consumption always varies during 

application execution. If we can predict the dynamic resource demand for 

applications, especially long running applications, followed by efficient scheduling 

policies, the system resource utilization will be highly improved. 

 

6.3. Sharing Resources with Other Jobs 

Considering a machine holding multiple jobs, the performance of these jobs will be 

degraded when there are resource contentions. However, not all the resource contentions 

will lead to SLA violations. Additionally, multiple jobs running on one machine helps 

improve the system resource utilization. It is challenging to model the performance 

variation given exhausted resources. Furthermore, it deserves researches to make jobs 

share the same resources, which can guarantee the SLA of each job and meanwhile 

maximize the system resource utilization. 
 

6.4. Dynamic Adjustment during Job Execution 

Resources provisioned for jobs are not always applicable during job execution. We 

should monitor the variation of system resource utilization and predict the resource 

demand periodically from the beginning of job execution. However, frequent predictions 

bring in extra time cost, which will degrade the performance, especially for real-time 

applications. Choosing a proper resource demand prediction algorithm and deciding the 

frequency of predictions are meaningful and challenging. 
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6.5. Other Challenges 

We would like to discuss the resource demand prediction problem in mobile cloud 

computing environments in the end of this section. 

First, most mobile applications are real time. Many researches have been done on 

cloudlets which aim at reducing the response time. However, it still takes a considerable 

time to download data from remote datacenter and initialize computing resources. If we 

can predict users’ position and behavior, and provision the resources in advance, response 

time of computing requests can be further reduced.  However, users’ position and 

behavior are hard to learn and the prediction errors may be significant. 

Second, mobile devices are energy limited. Energy saving for a mobile device requires 

more resources, which may increase the response time of other applications due to 

resource contention. There is a tradeoff between energy saving and resource provisioning. 

It is challenging to prepare a balanced amount of resources, which can meet the energy 

saving requirement and avoid bringing in SLA violations of other applications 

simultaneously. 

 

7. Conclusions 

Cloud computing becomes mature gradually over the past decade. Multifarious 

researches have been done on resource allocation and job scheduling. However, system 

resource utilization is still low and there is unnecessary monetary cost for users. One of 

the primarily reasons is that resource demands submitted along with jobs are always 

requested manually. As a result, an efficient resource management system should be 

elaborately designed to improve the system resource utilization in the cloud and save 

monetary cost for user. 

In this paper, we discuss the opportunities and challenges of building an efficient 

resource management system from the perspective of improving resource provisioning 

policies, which can be composed of resource demand prediction and resource allocation. 

Before introducing the resource management system, we first introduce the state-of-art of 

cloud computing. Then we study the workload trace in the cloud and find out the resource 

utilization is really low. Next, we make an overview on existing resource demand 

prediction and resource allocation policies. Finally, we introduce a novel resource 

management system taking into consideration, followed by challenges accomplishing the 

system. 
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