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Abstract

In order to guarantee the cloud service quality, the service should be able to dynamically predict

the change of data processing request. Existing prediction methods in cloud are mostly focused on the

amount of computing resource required by service. In fact, in cloud computing environment for big

data processing, it is not enough to simply predict the computing resource, because when the created

virtual machine is far from the data, it will need a certain time to transfer data to the virtual machine for

processing. To solve this problem, in this paper, we propose a data-centered prediction method using

Bayes classifier, which can make prediction for data type or location based on the data resources

needed by the service request. We carry out experiments with Google cluster trace, and the

experimental results show that our method performs better than the existing methods. For example, our

method improves the load prediction accuracy by 45�60% compared to other state-of-the-art methods

based on final state-based method, simple moving average method, linear weighted moving average

method, exponential moving average method, and prior probability-based method.
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1. Introduction

Cloud computing has almost infinite resources and a

service-centered business model, thus it has become the

inevitable choice of big data processing [1]. In a big data

processing-oriented cloud computing system, it is ge-

nerally to create and deploy cloud services based on the

user’s task and its requirements for resources. In the case

of data and computation intensive scientific applications,

large amount of requests of data processing may surge in

a short time. In order to guarantee the service quality,

cloud service should be able to dynamically perceive the

change of data processing request. On the one hand, by

monitoring the service request information (e.g., the

number and speed of the service requests), we can judge

whether it occurs a big data processing request or not. On

the other hand, if the big data processing request is ge-

nerated, the size of the data and the demand for the re-

sources need to be predicted.The Internet of Things (IoT)

is the collection of billions of end devices, so it can ge-

nerate big data which be computed in cloud computing

at present.

Existing service prediction methods are mostly fo-

cused on computing resource quantities needed by ser-

vice, such as [2]. In fact, in the cloud computing environ-

ment, especially for big data processing cloud comput-

ing environment (such as remote sensing cloud [3]), it is

not enough to simply predict the computing resource

needed by service request, because if the created virtual

machine is far from the data, it will need a certain time to

transfer data to the virtual machine for processing. There-

fore, in this scenario, it also needs to predict the big data

resources to be processed by the requested service (such

as predicting the location of big data), and based on the
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principle of proximity, to create virtual machines on the

node where the data resides at or near, thus saving time

spent by data transmission and accelerating the progress

of data processing.

To solve this problem, in this paper, we propose a

data-centered prediction method, which can make pre-

diction based on the data resources needed by the service

request (for example, to predict data type or location).

In big data processing oriented cloud system, the be-

nefits of successfully predicting data resource types (po-

sition) of cloud service requests, and the amount of com-

puting resources are: (1) cloud system can use idle VMs

(virtual machines) as much as possible to avoid idle VMs

restart; and (2) cloud system can start VMs in advance,

so as to achieve the purpose of rapid response to users’

requests.

The contributions of this paper are two-fold:

� We propose a service requests forecasting method

based on Bayesian model, which is used to predict the

location of data resources for the next service request,

so as to speed up data processing.

� We evaluate the service requests forecasting method

with the load trace of Google data centers.

This paper is organized as follows. Section 2 intro-

duces and analyzes the load trace of Google data center.

Section 3 presents a forecasting method based on Baye-

sian model, which is evaluated in section 4. The related

work is discussed in section 5. Section 6 concludes this

paper.

2. Analysis of Load Trace of Google Data

Center

The research of prediction method here is based on

the load trace of Google data center. Google [4] tracks

the job information of the production system (about 12000

machines) in a month in 2011 with minute-level granu-

larity, including more than 670000 jobs and more than

4 million task events. Users submit jobs to a batch

scheduler, where each job contains a task set and the re-

source constraints (e.g., CPU and memory) set. A batch

scheduler orderly distributes these tasks to physical ma-

chines. The job events table of Google cluster trace in-

cludes 8 fields: timestamp, missing info, job ID, event

type, the user name, scheduling class, job name, and log-

ical job name. Among them, all of the jobs have a sche-

duling class, which is represented by a single number

and roughly represents the delay sensitivity of the job.

For example, number 3 represents a more delay sensitive

task, while the 0 represents a non-productive task.

In task resource usage table of Google cluster trace,

there contains 18 fields: start and end time, job ID, task

index, machine ID, CPU usage-mean (mean and maxi-

mum in 1s window), memory usage, assigned memory,

unmapped page cache memory usage, page cache mem-

ory usage and maximum memory usage, disk I/O time-

mean, local disk space used (mean), CPU rate � max,

disk I/O time � max, cycles per instruction (CPI), me-

mory accesses per instruction (MAI), sampling rate, ag-

gregation type. Among them, the job ID field indicates

the ID of the current task. The average of the CPU, me-

mory, and disk used by the current task during sampling

are represented by CPU usage, memory usage, and local

disk space used (mean) fields, respectively.

In Figure 1, it can be seen that data of CPU, memory

and disk above are basically consistent with normal dis-

tribution.

3. Bayesian Model-based Prediction Method

The goal of this paper is to predict the location of

data resource required by cloud service request. Taking
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Figure 1. Histogram of job usage for resources.



into account the lack of publicly available related cloud

service history in academic and industrial circles for this

test, an indirect data set (the Google data center trace)

has been adopted for study.

The basic idea of this paper is to use the Bayes classi-

fier to generate a posteriori probability distribution of the

job type according to the prior probability distribution

and the amount of job demand for resources.

3.1 Bayes Classifier

Bayes classifier [3�5] is a classic supervised learn-

ing classifier in data mining [6]. Bayes classification in-

cludes five major steps:

(1) Determine the target state set (represented by W =

(�1, �2,…, �m)T, where m is the number of states),

and the event vector with h independent features

(represented by � = (x1, x2,…, xh)
T);

(2) Based on the training set (sample), compute the prior

probability distribution for target states P(�i);

(3) For each state �i, compute joint probability distribu-

tion p(���i);

(4) Calculate posterior probability according to formula

(1);

(5) Make decisions based on risk function � ( , ��l ),

where and ��l respectively represents the state of

predicted values and real values.

(1)

Based on different risk functions, Bayes classifier

will use different ways to make decision. This paper uses

the Naive Bayes classifier [4], the risk function used is

shown in formula (2). And the predicted state value ( )

is determined by formula (3).

(2)

(3)

From the above analysis, the target state vector and

the event feature vector are the key to the accurate pre-

diction.

3.2 Target State and Event Feature

In the data set of Google data center trace, we take

each job record as a cloud service request, and the type of

job as the type of the data resource required by cloud ser-

vice request. Without loss of generality, this paper at first

assumes that the data center is based on the type of data

to make the placement decision. Therefore, by predicting

of the type of the data resource required by cloud service

request, we can obtain the corresponding data storage lo-

cation. On this basis, the research work of this paper is

converted to how to predict the type of job using Google

data center trace.

According to the job classification of Google data

center, the target states are job category. The status vec-

tor consists of 4 elements, namely, category 1, category

0, category 2 and category 3. By analyzing the job record

of Google data center, 9 features are extracted as the event

in the Bayesian model, and each feature can partly re-

flect the attribute of the job. The 9 features are described

below.

The number of Task (NumofTasks): It is used to in-

dicate the number of tasks a job contains, namely, �Job�.

The makespan of Job (Makespan): It describes the

time between the start and the end of the job running. In

the job records of Google data center, there are only the

start and end time of each task. Therefore, based on the

task resource usage table in job traces of Google, we use

formula (4) to calculate the maekspan of jobs (namely,

the difference between the latest finish time and the ear-

liest start time in all tasks for a job).

(4)

Standard deviation of running time for all tasks

(StDevTime): It is calculated by formula (5), where

AveTime is the average of the completion time for all

tasks of the current job.

(5)

The amount of used CPU resources (UsedCPU): It

is used to indicate the amount of CPU resources that a
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job uses when it completes, and can be got by formula

(6), i.e., it is the sum of CPU resources for all tasks of the

job.

(6)

Standard deviation of the amount of CPU re-

sources for all tasks (StDevCPU): It is calculated by

formula (7), where AveCPU is the average of CPUs used

by all tasks of the current job.

(7)

The amount memory resources used (UsedMem):

It is used to indicate the amount of memory resources

that a job uses when it completes. And we use formula

(8) for calculation, namely, it is the sum of the memory

resources used by all tasks of the job.

(8)

Standard deviation of the amount of memory re-

sources for all tasks (StDevMem): It is calculated by

formula (9), where AveMem is the average value of the

amount of memory used by all tasks of the current job.

(9)

The amount disk resources used (UsedDisk): It is

used to indicate the amount of disk resources that a job

uses when it completes. And we use formula (10) to cal-

culate, namely, it is the sum of the memory resources

used by all tasks of the job.

(10)

Standard deviation of the amount of disk re-

sources for all tasks (StDevDisk): It is calculated by

formula (11), where AveDisk is the average value of the

disk used by all tasks of the current job.

(11)

Therefore, a job can be described by the characteris-

tics in Table 1.

3.3 Discretization of Feature Vector

Considering the range of the feature vector is too

large and continuous, we have carried on discrete process-

ing to the value of the feature vector. The basic method is

to handle the data in logs. If we directly use discretiza-

tion processing by rounding at this moment, then the data

state number obtained will become too few (as shown in

Figure 1, only up to 16 states (i.e., 0 to 15)). In order to

increase the number of states, we multiple it by 1000 (an

empirical value), then discretize it by rounding the data.

3.4 Bayes-based Type Prediction Algorithm

After discretization of the above feature vectors, a

Bayes-based type prediction algorithm is given as fol-

lows. The input of the algorithm is job history records,

which is the Google data center trace used in this paper.

The output of the algorithm is the type of job predicted

by it.

500 Shenghui Zhao et al.

Table 1. Job features and description

Features Description

Makespan The time needed for the job to complete

NumofTasks The number of tasks in the job

StDevTime Standard deviation of the running time of all tasks in a job

StDevCPU Standard deviation of the amount of CPU resources used by all tasks in a job

StDevMem Standard deviation of the amount of memory resources used by all tasks in the job

StDevDisk Standard deviation of the amount of disk resources used by all tasks in the job

UsedCPU Total CPU resources required for job to complete

UsedMem Total memory resources required for job to complete

UsedDisk The total disk resources required for the job to complete

Class The category of the job



Algorithm 1. Bayes-based type prediction algorithm

Input: Job history records (Google data center trace)

Output: The type of job

1: Get the number of tasks for each job as the first fea-

ture of the job, x1;

2: Get the 2nd to 9th feature of the job (namely, x2 � x9)

by formula (4) (5) (6) (7) (8) (9) (10) (11);

3: Based on the training set, calculate the prior proba-

bility distribution of each job type P(�i);

4: For each type of job �i, compute the joint probability

distribution p(���i), where � = (x1, x2,…, x9)
T;

5: Calculate the posterior probability according to for-

mula (1);

6: Based on the risk function � ( , ��l ) in formula (2),

make a decision about the job type, where , ��l re-

spectively represents the predicted value and the real

value;

7: Return the job type.

4. Performance Evaluation

4.1 Algorithms in Experimental Comparison

In addition to the prediction method in this paper, we

also implement five other classic prediction methods, as

shown below. Among them, the collection of jobs within

the event window is denoted by J = (J1, J2,…, Jd)
T.

Final state-based method: The type of the last job

recorded in the event window is used to predict the type

of the next job.

Simple moving average method (SMA): The aver-

age value of all the records in the event window after

rounding (for example, the ceiling of a number) is used

to predict the type of the next job.

Linear weighted moving average method (LWMA):

the linear weighted average value of all job records in the

event window after rounding (for example, the ceiling of

a number) is used to predict the type of the next job. In

particular, the linear weighted average value is obtained

by formula (12).

(12)

Exponential moving average method (EMA): This

method uses formula (13) to predict values (the predic-

tion value at time t is denoted by S(t)), where J1 is the last

job, � value is to optimize the accuracy and adjusted by

experience.

S(t) = � 	 J1 + (1 � �) 	 S(t �1) (13)

Prior probability-based method (PP): This method

uses a job class with a maximum prior probability as the

predicted value for the next job type.

4.2 Experiment

In order to evaluate the accuracy of the prediction,

we use a metric: success rate, i.e., the ratio of the number

of correct predictions to the total number of predictions.

From the above analysis, the track records of Google

data center of 10 days include 183859 job information

entries totally. In order to compare the performance of

different methods, we design three experiments: the first

one makes comparison of different methods by fixing the

size of training set and test set; the second one evaluates

the success rate of different methods by changing the size

of training set and test set; and the last one compares the

time spent by different methods with different training

sets and test sets.

In the first experiment, we divide the data set into

two parts: the training data set (the first 182859) and the

test data set (the last 1000). The training data set is used to

train the model, for example, to calculate the prior proba-

bility P(�i) and conditional probability p(xj��i) from for-

mula (1). Test data set is used to verify the performance

of different methods.

Experimental results are shown in Figure 2. From

the graph, we can see that the Bayes-based method has

the highest prediction success rate (94.69%), while the
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other methods are between 49% and 35%. Specifically,

the success rate of final state-based prediction method is

48.24%, and the success rate of simple moving average

method is about 35%. The linear weighted moving aver-

age method has the highest success rate (40%) when

the event window is 2. The exponential moving average

method has the highest success rate (48.24%) when � =

0.9. The success rate of maximum a priori probability-

based method is 48%.

In the second experiment, we evaluated the success

rate of different methods with different training sets and

testing sets. The training sets and the test sets are shown

in Table 2.

Experimental results are shown in Figure 3.

As can be seen from the figure, our proposed method

(Bayes-based method) has the highest success rate when

the training set and the test set change (the success rate

of the proposed method is between 94.69% and

92.69%), followed by EMA method (between 39.56%

and 47.83%), final state-based method (between 39.56%

and 47.8%), PP method (between 35.85% and 44.24%),

LWMA method (between 27.78% and 36.73%), and

SMA method (27.27% and 36.01%).

In the third experiment, we compare the time spent

by different methods with different training sets and test

sets. The descriptions of training and test sets are shown

in Table 2.

The experimental results are shown in Figures 4 and

5. From these two figures, it can be seen that our pro-

posed method spends the longest time, followed by PP

method, LWMA method, SMA method, EMA method,

and final state-based method. The reason behind the re-

sults is that our proposed method needs to train the data

set with the most of the time. And the time increases with

the sizes of training sets.

To sum up, our proposed method has the highest pre-

diction accuracy. However, compared with other methods,

the time spent by our method is the most.In future work,

we will focus on the parallelization of our method to re-

duce the time it spends on training data set.

5. Related Work

There are some work that have described the features

of load in the system, they are mainly concerned about
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Table 2. The numbers of jobs in training sets and test sets

ID
The number of jobs

in training set

The number of jobs

in testing set

T1000 182839 01000

T5000 178839 05000

T10000 173859 10000

T15000 168839 15000

T20000 163859 20000

T30000 153859 30000

Figure 3. Experimental results with different training sets
and test sets.

Figure 4. Time spent by our proposed method (unit: second).

Figure 5. Time spent by other methods (unit: second).



the placement constraints [7] or usage morphology [8] of

job. For example, Sharma from the perspective of [7],

made a detailed study of the impact of job placement

constraints on performance based on resource utiliza-

tion, while Reiss in [8] proposed a model that can charac-

terize the job usage morphology of the Google computa-

tion clusters. Khan in [9] designed a model to capture

CPU load autocorrelation in cloud data center by means

of Hidden Markov model (HMM). Barnes introduced a

regression-based prediction method for paralleling ap-

plication workload with error within 6.2% and 17.3%

in [10]. Roy et al. in [11] proposed a model prediction

algorithm, which uses two order autoregressive moving

average method for the prediction of workload. Saripalli

et al. proposed a two-step prediction method and hot

spot detection model are proposed in [12]. Gong et al.

adopted mode matching and state driven method to pre-

dict the workload in [13], where it first uses the signal

processing technique to identify the repeat patterns, and

if no feature is found, it will use statistical state driven

method, and use discrete time Markov chains to predict

the recent needs. Carrington et al. in [14], for example,

predict load values based on convolution. Khazaei et al.

in [15] use queuing systems for performance analysis in

cloud. Yang et al. in [16] proposed a new method based

on PSR and EA-GMDH for host load prediction in cloud

computing system. Gu et al. in [17] presented a pattern

discovery model for host load data. Gmach et al. in [18]

use Fourier transform-based off-line method to extract

the patterns of the long-term cyclic workloads. In addi-

tion, there are other work used offline or online analysis

method in [19,20] for the requirement of application re-

source on the basis of the benchmark program or the ac-

tual application of workload. In comparison, we focus on

the prediction of the location of the data required by the

next service in the cloud computing environment.

6. Conclusions and Future Work

In the cloud computing system for big data process-

ing, the benefits of the successful prediction of the type

of data resource (location) and the amount of computing

resource are as follows: (1) considering the principle of

data proximity, it can use the idle virtual machines to

avoid restart after shutting down; (2) in consideration on

the principle of data proximity, it can start virtual ma-

chine in advance, to eliminate the start-up time the ser-

vice waits for virtual machine, so as to achieve rapid re-

sponse to user requests. In this paper, we present nine re-

latively independent feature vectors of user jobs. And we

propose a service prediction method based on Bayesian

model to predict the location of the data resource needed

by the next service request. We use Google’s data center

traces within 10 days to evaluate the proposed method.

The experimental results show that the prediction suc-

cess rate of the proposed method is about 93%, signifi-

cantly outperforms the existing related work (including

simple moving average method, linear weighted moving

average method, exponential moving average method

and prior probability method, etc.).

Based on the work of this paper, we will focus on the

deployment and start of virtual machine nearby the loca-

tion of data needed by service.
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