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operation in HDFS might be improved by the available data,
the performance of writing operation suffers the side effect of
over-synchronizing unpopular data. Thus, it is reasonable to
make an inference that the static replicating mechanism results
the entire system in poorer performance than the beneﬁt it
contributes.

Abstract—The number of application based on Apache
Hadoop is increasing dramatically due to the robustness and dynamic features of this system. At the heart of Apache Hadoop, the
Hadoop File System (HDFS) provides the reliability, scalability
and high availability to computation by applying a static replication strategy. However, because of the characteristics of parallel
operations on the application layer, the accessing frequency
for each data ﬁle in HDFS is totally different. Consequently,
maintaining the same replicating mechanism for every data ﬁle
might lead to bad effects on the performance. By rigorously
considering the drawbacks of HDFS architecture, this paper
proposes an approach to dynamically replicate the data ﬁle
based on the predictive analysis. With the help of probability
theory, the utilization of each data ﬁle can be predicted to
create an individual replication strategy. Eventually, the data
ﬁle can subsequently be replicated depending on its own access
potential. Hence, this approach simultaneously improves the data
locality while keeping the analogous redundancy of data storage
in comparison with the default replicating scheme.

In this paper, a framework which makes the replicating
component more effective is proposed. Not only is the nature
of the accessing frequency is taken into account, but also the
replica placement is considered. Subsequently, the data ﬁle in
HDFS is replicated based on its utilization potential as well
as the overall status of the system. Moreover, the anticipated
result and access pattern are stored in the knowledge base
for instantly matching and quickly ﬁring the suitable action
without re-calculating on similar input. From time to time,
each data ﬁle would be efﬁciently replicated by differently
appropriate strategy. By implementing this framework, the task
execution time of Hadoop can be improved and beneﬁt the
productivity of Big Data system.

Keywords—Replication, HDFS, proactive prediction, Bayesian
Learning, Gaussian Process.

I.

The remainder of this paper is organized as follows. In Section 2, related works relevant to the topic are provided. Section
3 presents an architectural overview of the background while
Section 4 includes the detail of the prediction mechanism.
In Section 5, the performance evaluation for the prediction
framework is conducted. Conclusion is summarized in Section
6.

I NTRODUCTION

Evolution on Big Data has created trends in application
and solution development to extract, process, and store useful
information as it emerges to deal with new challenges. In
this area, the Apache Hadoop is the most renowned parallel
framework. Not only used to achieve the high availability,
Apache Hadoop is designed to detect and handle failures at
the application as well as to maintain the data consistency.

II.

R ELATED W ORKS

A. System architecture

Along with the development of Hadoop, the Hadoop Distributed File System (HDFS) has been introduced to provide
the reliable, high-throughput access to parallel computing.
Gradually, it becomes a suitable storage framework for parallel
and distributed processing, especially for MapReduce-type
solution, which was originally developed by Google to cope
with the Big Data.

The Cost-effective Dynamic Replication Management
(CDRM) [1] is a cost-effective framework for replication in
cloud storage system. When the workload changes, CDRM
calculates the popularity of data ﬁle and determines the location in the cloud environment. However, this technique follows
a reactive model. As a result, by using threshold values, CDRM
can not adapt well to the rapid evolution in large-scale systems.

For improving the fault tolerance and reliability as well as
providing the high availability and high performance, HDFS is
initially equipped with a mechanism to replicate three copies
of every data ﬁle from time to time. As time goes by, this
replication strategy consumes storage resource and adds extra
overhead to the system by making replicas of less frequently
accessed data. Furthermore, although the speed of reading

Similarly, DARE [2] is another reactive model of replication for HDFS. In this model, the probabilistic sampling and
competitive aging algorithm are used independently on each
node to choose a replicating scheme for each data ﬁle as well
as to decide the suitable location for each replica. Because
DARE shares the same reactive-oriented approach like CDRM,
it also shares the similar mal-adaptive properties.
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Fig. 1: Architecture of Adaptive Replication Management system (ARM).

The Elastic Replication Management System (ERMS) [3]
takes into account an Active/Standby model for data storage
in the HDFS cluster by implementing the complex event
processing to classify the data types. The advanced concept
of ERMS compared to CDRM and DARE is to dynamically
change the thresholds for metrics based on the status of the
HDFS cluster system. In addition, ERMS is equipped with the
ability to determine and erase unpopular replicas to save the
storage.

approach, the data ﬁle is also classiﬁed and engaged in one
of few different replicating scenarios based on the algorithmic
prediction of the demand for data ﬁle utilization. However, the
Fourier Series Analysis algorithm, which is usually selected to
analyze in signal processing, is chosen for prediction without
a compelling proof of the efﬁcacy. As a consequence, this
inappropriate choice can result in poor prediction.
By examining related works, we conclude that although the
research on replication strategies exists, not many researchers
have thoroughly considered access frequency in the relationship with the big picture of system status. Furthermore, since
Hadoop is no longer a standalone solution, but gradually a
complex ecosystem. In that case, a more adaptive replicating
mechanism must be developed to enhance the performance of
Big Data systems, especially in the execution time and data
throughput.

Nevertheless, although CDRM, DARE and ERMS are
developed in different ways, all of them encounter the same
problem and limitation. Concretely, these solutions try to
classify and implement various replicating scenarios for each
type of data ﬁle by extracting and processing the obsolete
information from the monitoring statistic. For that reason, these
approaches can not generate an optimal replication strategy for
parallel systems. Clearly, the reason is when some actions are
chosen to handle ’hot’ data ﬁles, due to high latency and delay,
these ﬁles may not be ’hot’ anymore at the time the actions
are engaged. Then, the replicating decision can not reﬂect the
trend of data utilization.

III.

P ROPOSED A RCHITECTURE

The purpose of the proposed idea is to design an Adaptive Replication Management system (hereinafter, ARM) for
HDFS. In other words, the main function of this system is to
dynamically scale the replication factor as well as to smartly
schedule the placement for replicas based on the access potential of each data ﬁle. Additionally, to reduce the calculation
time, knowledge base and heuristic technique are implemented
as the extra components to detect similarities in the access
pattern between the in-processing ﬁle and the predicted one.
Two ﬁles with similar access behaviors are treated by the same
replication strategy. However, because these techniques are
standardized and widely used in various systems to accelerate
the decision making procedure, discussing them is not in the
scope of this paper.

The approach in Scarlett solution [4] implements the probability as an observation and then calculates the replicating
scheme for each data ﬁle. Storage budget-limitation is also
considered as a factor when distributing the replicas. Although
this solution follows a proactive approach instead of using
thresholds as in the reactive model, the intensity characteristic
of the data ﬁle as well as the suitable placement for replicas
are not discussed thoroughly.
Lastly, in OPTIMIS [5], an interesting solution for anticipating the data ﬁle status has been proposed. In this
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as the kernel function [15]. Usually, the Square-Exponential
(SE) kernel, also known as the Radial Basis Function (RBF)
kernel, is chosen as follows.


(x − x )2
kSE (x, x ) = σf2 exp −
(4)
2l2

Constructing on top of the Hadoop File System and Open
Nebula Orchestrator, the proposed system takes responsibility
to manage the replication over the virtualized HDFS instances.
An overview of the proposed ARM is described in Figure 1.
In this architecture, instead of using the physical servers
for the computing nodes, the virtual machines are preferred
because of the ﬂexibility, elasticity, multi-tenancy and ondemand deployment features.

in which, σf is an output-scale amplitude and l is a time-scale
of the variable x from one moment to the next. l also stands
for the bandwidth of the kernel and thereby the smoothness
of the function in the model. Besides, l also plays the role of
judgment for Automatic Relevance Detection (ARD) to discard
the irrelevant input.

As described in Figure 1, the system starts by periodically
collecting the heart-beat. After that, the training data goes to
the Heuristic Detector as input. This training data is compared
with the access pattern, which extracted from the Predictor
component and stored at the knowledge base. The pattern is
actually a set of eigenvectors describing the properties of the
previously processed data and be used for matching purpose at
the Heuristic Detector. At this stage, the features of input are
compared with the pattern to look for similarities. If there is
a matched, the access potential is retrieved from that pattern
and directly passed to the Predictor component without any
computation. Therefore, only one kind of data arrives at the
Predictor, training data or the extracted access potential, but
not both at the same time.

On the next step, the posterior distribution of the Gaussian
process is evaluated. Assume that the incoming value of the
input data is (x∗ , y∗ ), the joint distribution of the training
output is y, and the test output is y∗ , as in the form below.
 


 
K(x, x ) K(x, x∗ )
μ(x)
y
,
(5)
= GP
p
μ(x∗ )
K(x∗ , x) K(x∗ , x∗ )
y∗
here, K(x∗ , x∗ ) = k(x∗ , x∗ ), K(x, x∗ ) is the column vector
made from k(x1 , x∗ ), k(x2 , x∗ ) · · · , k(xn , x∗ ). And K(x∗ , x)
= K(x, x∗ )T is the transposition of K(x, x∗ ). After that, the
posterior distribution over y∗ can be evaluated with the below
mean m∗ and covariance C∗ .

Before discussing the Predictor, it is essential to introduce
the Monitoring System. Mainly based on the Ganglia framework, the Monitoring System is simple, robust and easy to
conﬁgure for monitoring most of the required metrics. After
plugging in the HDFS virtual nodes as well as the physical
servers, the Monitoring System can collect statistic via Ganglia
API. This information helps the replication management to
determine which virtual node is busy and which physical server
is blocked.

m∗ = μ(x∗ ) + K(x∗ , x)K(x, x )−1 (y − μ(x))
 −1

C∗ = K(x∗ , x∗ ) − K(x∗ , x)K(x, x )
then



m(x) = E f (x)

k(x, x ) = E




var(y∗ ) = K(x∗ , x∗ ) − K(x∗ , x)K(x, x )−1 K(x, x∗ )
V.


f (x) − m(x) f (x ) − m(x )

(9)

(10)

P ERFORMANCE E VALUATION

A. Experiments
For the evaluation, three experiments are used to evaluate
the performance of the proposed ARM. The ﬁrst experiment is conducted on the Facebook cluster trace, namely
the Statistical Workload Injector for MapReduce (SWIM)
[35] [36]. Typically, this is the workload replay scripts to
generate the real-life workloads from a Facebook production
system. By sampling the historical MapReduce cluster traces,
the SWIM provides an efﬁcient method to measure the effectiveness of the solution, which intends to improve Big
Data replication on the realistic data set. Two sets of synthesized day-long workloads, namely Facebook trace 01 (FB2009 samples 24 times 1hr 0.tsv) and Facebook trace 02
(FB-2010 samples 24 times 1hr 0.tsv) are studied. Each set
contains 24 historical traces sampled on a 600-machines cluster. The second experiment is the famous TeraSort stress test
released by Yahoo!. This is a benchmark program written in
MapReduce and included by default in Hadoop distribution.
Basically, the TeraSort builds a sample key structure by selecting the subsets from the input before submitting the job and

(1)




(8)

Also, the uncertainty of the estimation is captured in the
variance of the distribution as follows.

The object of prediction in ARM is to anticipate the
access potential of the data ﬁle. To obtain this target, Bayesian
learning and Gaussian process are employed as the inference
technique and probability framework, respectively. Assume
that the input data is a time location set x = [x1 , x2 , x3 , · · · xn ],
a ﬁnite set of random variables Y = [Y1 , Y2 , Y3 , · · · Yn ]
represents the corresponding joint Gaussian distribution of
access rate with regard to the time order. This set over the
time constraint forms the Gaussian process.

with

(7)

p(y∗ ) ∼ GP(m∗ , C∗ )
y ∗ = K(x∗ , x)K(x, x )−1 y

P REDICTION M ODEL



f (y|x) ∼ GP m(x), k(x, x )

K(x, x∗ )

The best estimation for y∗ is the mean of this distribution.

If the access potential comes to the Predictor as described
in Figure 2, it means the training data is matched with a
previous access pattern. Then, this access potential is directly
forwarded to the Replication Management to create a replication strategy. No computation is needed. Otherwise, if the
training data comes, the Predictor has to compute to achieve
the access potential for ﬁles.
IV.

(6)

(2)
(3)

in which, m(x) is the mean function evaluated at the location x variable, k(x, x ) is the covariance function, also known
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Fig. 2: Working mechanism of Predictor component.

B. Metrics

TABLE I: System Conﬁguration

The data locality and data redundancy are the metrics
of interest. In addition, some relevant factors such as read
throughput and execution time are also considered. For the
data locality evaluation, the metric is calculated in percentage
as follows.

Conﬁguration
Computing
Nodes
Node Types
Platform
CPU Cores
Storage
Memory
Network
OS
Software

01 Name Node, 8 Data Nodes
XEN’s Virtual Machine
64bit
Intel®Core™ i7-3770, 3.40GHz
4 cores for Name Node
1 cores for each Data Node
500GB for Name Node
100GB for each Data Node
16GB for Name Node
8GB for each Data Node
Gigabit NIC
CentOS 6.5 (ﬁnal)
Kernel: 2.6.32-431.el6.x86 64
Apache Hadoop 2.0.0-cdh4.7.0

Mdl =

Accesslocal
Accesstotal

(11)

in which, Mdl is the data locality metric estimated by
the fraction of the local access Accesslocal over the total
access Accesstotal of every HDFS ﬁles. The counting for these
accesses is executed automatically by the Monitoring System.
Besides, the effect of data locality metric can be measured
via the TestDFSIO experiments for execution time and read
throughput of Hadoop system. The next system metric, as
mentioned above, is the data redundancy. Obviously, if the
HDFS replicating component creates too many replications,
the data locality is improved in a spectacular rate. However,
the side effect of this uncontrollable over-replication can rule
the network to the congestion problem which directly makes
the system unreliable and critically degrades the performance.
Due to that reason, if the data locality can be improved with the
well-bounded data redundancy, the performance of the whole
Big Data system would be increased in terms of computational
efﬁciency and network utilization. The data redundancy metric
is evaluated via the shape of distribution (probability density
function or pdf) of replication factors.

pushing this key structure into HDFS. Intuitively, the purpose
of TeraSort is to sort a large volume of data rapidly. The third
experiment is the TestDFSIO experiment. The TestDFSIO is a
benchmark tool to discover the HDFS capability. In essence,
this tool is developed to evaluate the I/O performance for
HDFS. Additionally, the Hadoop version used in the evaluation
is also modiﬁed to accept the dynamic replication factor as
well as the ﬂexible placement decision which is made by ARM
system. The computing system used for these experiments is
described in Table I.

C. Results
By averaging the results from both Facebook trace tests,
ARM scores approximately 4 times better for the data locality
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(a) Distribution (pdf) of each method.

(b) Data locality metric evaluation (higher is better).

(c) Execution time benchmark of TestDFSIO (lower is better).

(d) Read throughput benchmark of TestDFSIO (higher is better).

Fig. 3: Performance evaluation of proposed method on system level

metric in compared with the default scheme (Figure 3b).
However, in these experiments, ARM gets lower result than
ERMS and DARE (6.60% and 11,45% lower, respectively).
In the TeraSort experiment (also in Figure 3b), ARM achieves
3.3 times improvement for the data locality compared with
the default scheme. Clearly, the ERMS and DARE respectively
continue scoring better results (8.25% and 18.53% higher) with
regard to ARM. However, in Figure 3a, the variance shapes
of replication factor distribution of ERMS and DARE are very
narrow. It means these two methods usually set high replication
factors for every data ﬁles to achieve better data locality metric.
This behavior could deﬁnitely sacriﬁce the storage resource
and network bandwidth.

and writing the replicas. It can lead the whole system into
the disk-operation overhead. Subsequently, the transferring
replicas may not be available to serve the computation.
VI.

C ONCLUSION

The main purpose of this research is to improve the data
locality metric by using the prediction technique. With rigorous
analysis of the characteristics of ﬁle operation in HDFS, the
uniqueness of our idea is to create an adaptive and effective
solution to extend the capability of Big Data systems. For
further development, some parts of the source code developed
for testing our idea would be made available under the terms
of the GNU general public license (GPL).

On the execution time benchmark of TestDFSIO experiment (Figure 3c), it can be seen obviously that ARM outperforms ERMS and DARE when ﬁle size increases, even ARM
has a lower score in previous data locality evaluation. In the
last experiment case of 4GB of ﬁle size, ARM ﬁnishes the
tasks in 17.38% and 62.36% faster than ERMS and DARE,
respectively. The same situation happens when investigating
the read throughput factor on Figure 3d. ARM continues
surpassing ERMS and DARE in every experiment cases of
ﬁle size. In fact, when engaging ERMS and DARE, the HDFS
system seems to reserve too many CPU cycles for transferring
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