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Abstract—MapReduce is becoming the state-of-the-art computation paradigm for processing large-scale datasets on a
large cluster with tens or thousands of nodes. Hadoop, an
open-source implementation of MapReduce framework, has
gained much popularity due to its high scalability and performance. Two challenging issues for a large-scale Hadoop
cluster are how to analyze the scalability and identify the
optimal parameters configurations. To address these issues,
we designed and implemented a Hadoop simulator called
WaxElephant, which provides the following capabilities: (1)
loading real MapReduce workloads derived from the historical
log of Hadoop clusters, and replaying the job execution history;
(2) synthesizing workloads and executing them based on statistical characteristics of workloads; (3) identifying the optimal
parameters configurations; and (4) analyzing the scalability
of the cluster. Extensive experiments have been conducted to
validate the accuracy of the WaxElephant simulator.
Keywords-MapReduce, Hadoop simulator, Parameters tuning

I. I NTRODUCTION
MapReduce [4] is becoming the state-of-the-art computation paradigm for processing large-scale datasets on a
large cluster with tens or thousands of nodes. MapReduce
provides a highly scalable solution for processing largescale data. The fundamental concept of MapReduce is to
distribute data among many nodes and process the data in
a parallel manner. Hadoop, an open-source implementation
of MapReduce framework [14], can easily scale out to
thousands of nodes and work with petabyte data. Due to its
high scalability and performance, Hadoop has gained much
popularity. A lot of organizations, such as Yahoo, Facebook,
Twitter, and many research groups adopt Hadoop to run their
data-intensive jobs.
However, the issues of parameters tuning and scalability
analysis of a Hadoop cluster are complex and challenging. The Hadoop system has hundreds of configuration
parameters, which bring forth many difficulties for Hadoop
operators to figure out a set of optimal parameter configurations, including the number of slots, the size of buffers
etc. In most cases, the evaluation experiments for identifying
optimal parameter setting cannot be conducted in a online
production cluster. It is also infeasible to set up a large
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testing cluster with hundreds or thousands of nodes to
conduct the experiments for most companies. One common
solution to address the above problem is to build a small
cluster with tens of nodes, and perform experiments in a real
MapReduce testbed. However, evaluation conducted on a
small-size cluster of nodes is hard to measure the scalability
and performance accurately. Another solution commonly
used is to utilize a simulator that simulates the environments
of Hadoop and the execution flow of MapReduce jobs.
The simulator enables to deploy a simulated Hadoop with
thousands of nodes at a low cost.
Although there are many simulators available for simulating various distributed systems, such as GridSim [2], GPS
[15], P2PSim [8], NS-2 [7] and CloudSim [9], the simulation
of Hadoop environment has not been well-studied. There are
only a few simulators specifically designed for MapReduce
environments [12][6][11]. However, after detailed analysis
and test, we find that the capabilities of these simulators are
not satisfactory due to their simplified simulated behaviors.
In this paper, we present a realistic MapReduce simulator, called WaxElephant [13], which realizes the following
capabilities:
∙ loads real MapReduce workloads derived from a historical log generated on production Hadoop clusters, and
replaying the job execution history. WaxElephant also
can synthesize workloads and execute them based on
statistical characteristics of workloads.
∙ tunes various Hadoop parameters which affects the system performance. WaxElephant is built on a simulated
cluster and computing nodes, with a set of configurable
parameters, making the task of parameters easy-tuning.
∙ provides job execution simulation at the granularity of
tasks. The simulation slots allocation and job scheduling reaches on task-level.
∙ compares the job scheduling polices. The job scheduling module in WaxElephant is pluggable, which is convenient for comparing different job scheduling policies
in the Hadoop.
∙ simulates a large-scale Hadoop cluster, carry out performance tests at a low cost, thus evaluating its scalability
and performance quickly and accurately.

The rest of this paper is organized as follows. Section
II presents the motivations of our work. Section III presents
the design goals and the overall architecture of WaxElephant.
Section IV describes a detailed analysis of workload characterization based on a two-week trace from a production
cluster. In Sections V and VI, we focus on the simulation
of fundamental components of WaxElephant, including the
workload generator and simulation of cluster. The simulation
of task execution is described in Section VII. The evaluation
of WaxElephant is given in Section VIII. Section IX describe
the related work. Section X concludes this paper.
II. BACKGROUND AND M OTIVATIONS
Our work was originally motivated by the Hadoop cluster
of Taobao Inc. [11], named Yunti, which is an internal
data platform for processing petabyte-level business data
derived from http://www.taobao.com. Yunti cluster is based
on Hadoop 0.19 with slight modifications. It is used to
provide multiuser business large-scale data analysis service
for some online applications and company staffs. Within
Yunti platform, system logs, crawled pages and replicas of
online databases, are gathered continuously. These data are
used by numerous applications, including traffic statistics,
product sales trends and recommender systems. This data
warehouse runs on more than 2,000 nodes and stores more
than 25PB of compressed data which is growing at the rate
30TB per day.
The first problem that motivates this work is how to
optimize the performance of Yunti. The large number of
configuration parameters of Yunti cluster makes the task
of parameter tuning much difficult. Identifying a set of
parameters that would help to reach an optimal performance
is very time-consuming and labor-intensive.
The second motivation is scalability analysis about the
Yunti cluster. It is a common experience that the numbers of
MapReduce jobs will raise suddenly with new applications
emerge. For instance, around the days of big promotion, a
lot of MapReduce jobs specifically for the big promotion
will be submitted. Yunti operators have to confirm whether
additional servers are needed, and then how they should
allocate resources for satisfying performance requirements.
Due to the infeasibility of setting up a same-scale physical
Hadoop cluster for performance test, a realistic and efficient
simulating tool is desired to facilitate the scalability analysis
and parameters tuning. Existing simulators, such as Mumak
[6], MRPerf [12], and SimMR [11], commonly have two
limitations, thus fail to satisfy the requirements.
1) Lack of diverse workloads. Existing simulators fail to
synthesize realistic and diverse workload that observed
in traces. These simulators focus on making decisions
about cluster configuration and run-time parameters
that affect performance. The results obtained from
simulation studies are less accurate due to the lack
of realistic traces.

2) Over-abstractions and simplifications of some important factors. For instance, in Mumak, task execution is
simplified, without modeling of shuffle and sort phase.
The resource utilization, such as CPU, memory and
network utilization re also omitted. MRPerf simplifies
the task execution process and fails to simulate the
complete progress of map tasks and reduce tasks.
To address these above limitations, we collected a workload
trace from a production Hadoop cluster, and analyze the
trace, especially the job arrival pattern, duration of task
and job, job size etc. Basing on these analysis results, we
obtain some observations and direct implications, which can
help the simulator to synthesize realistic workload. Then,
we implement WaxElephant by simulating the complex
behaviors and various kinds of parameters within Hadoop
environments. Up to now, WaxElephant has been utilized
for Taobao engineers to generate high-intensity workload,
in order to predict whether the system performance of Yunti
under extreme heavy workload can satisfy the requirements.
III. D ESIGN OF WAX E LEPHANT
A. Design Goals
A key challenge for implementing a realistic MapReduce
simulator is to figure out the right level of abstraction. A
complete simulation of every entity and every interaction in
Hadoop will consume large resource and take a long time
to obtain the results. In converse, an over-abstraction of the
important entity and interactions will impact the accuracy of
results.
To make the Hadoop simulator more practical and effective, we focus on two goals for designing WaxElephant.
1) First, WaxElephant should be used to tune the performance and analyze the scalability of a Hadoop cluster
at a high accuracy. Therefore, those important steps
and parameters should be taken into consideration and
simulated completely.
2) Second, WaxElephant should be easy to use and
effective to conduct performance test. If the trace
logged from a couple of weeks forms a huge number of MapReduce jobs, it is impractical to execute
these jobs at the same speed. WaxElephant should be
quickly replaying workloads with different scenarios
of interest, assess various what-if questions.
B. Architecture of WaxElephant
Figure 1 depicts the overall architecture of WaxElephant.
WaxElephant is composed by a pluggable job scheduling
module, a load generator and a simulator engine. The job
scheduling module receives jobs from the load generator and
monitors the status of computing nodes. The load generator
is responsible for producing MapReduce jobs, either replaying jobs collected from a historical log, or synthesizing a set
of jobs that follow a user-defined statistical properties. The

Table I
S UMMARY OF THE WORKLOAD TRACE
Log Period
Number of groups
Number of users
Number of jobs
Average maps per job
Average reduces per job
Average nodes per job
Maximum nodes per jobs
Average job duration
Maximum job duration

Dec 4, 2011 - Dec 20, 2011
56
572
912157
42
12
19
489
350s
16h24m
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Figure 1.

Architecture of WaxElephant.

IV. W ORKLOAD C HARACTERIZATION
A. Description of Trace
The trace is collected over a two-week period from Dec.
4 to Dec. 20 2011. During this period, over 912,157 MapReduce jobs are generated by 572 different users belonging to
fifty-six groups. Most of the jobs are submitted automatically
and started execution at a regular time of a day. Table IV-A
gives an overview of the dataset. On average, each job
consisted of 42 map tasks and 12 reduce tasks running on
19 nodes. Maximum number of nodes allocated to a job is
489.
B. Job Statistics
1) Job Arrival Rate: Figure 2(a) shows the number of
arriving jobs per 10-minute interval during a one-day period.
The workload reaches the first daily-peak during 1:00 am
to 4:00 am, and reaches the second peak during 1:00 pm
- 4:00 pm. The maximum value of arriving jobs per 10minute interval exceeds 1,100. The first workload peak is
mainly formed by periodical jobs, and the second one is
formed by temporary jobs. Figure 2(b) depicts the arriving
job count per two-hour interval during two weeks. As shown
in the figure, the job arrival pattern expressed on every
day is very similar. Observation 1. Job arrival rate follows
a relative-constant daily pattern. This observation implies

that a resource scheduling mechanism based on the job
arrival rate pattern will be feasible and beneficial for saving
electrical power, i.e., some nodes work while the others sleep
if the workload is low.
2) Jobs Count on Running Status: Figure 2(c) shows
the changes of concurrently running jobs count loaded on
Yunti cluster during a one-day period. It is sampled per 5
seconds. The number of running jobs exceeds 600 at the
peak time, and then falls down to approximately 300 at 5:00
am. Actually, the maximum count of concurrent running
jobs has been limited to 300, but it exceeds the upper limit.
That is because the high-priority jobs arrival will induce the
scheduler to kill some tasks and preempt their occupied slots
if there are not enough idle slots. Therefore, some running
jobs may have to switch to be awaiting-state. Observation 2.
As depicted in the Figure 2(c), we can infer that preemptions
are frequent. The impact of the job completion time caused
by slot preempted should not be ignored.
3) Job Completion Times: Figure 2(d) presents the cumulative distribution of completion time of successful jobs,
failed jobs, and killed jobs during the two-week period.
Failed jobs are jobs that were canceled jobs due to task
failure. Killed jobs are jobs that were killed by cluster
operators due to slots preemption or some other reasons.
Intuitively, the jobs completion time follows a long-tail
distribution. Observation 3. After measuring the goodness
of fit of the job completion times against the exponential,
Weibull, and log-normal distributions, we find that the lognormal distribution is the best fitting distribution for the
successful, failed and killed jobs.
4) Job Data Size: Job executions bring forth plenty of
data read/write operations at various stages of the MapReduce. The total bytes of data read/writes involves two parts,
HDFS read/write bytes and local read/write bytes, which
represent the bytes of data read/writes on HDFS and local
disks respectively. Figures 2(e) and 2(f) show the cumulative
distribution of HDFS and local read/write bytes per job.
Observation 4. 80% of jobs write small files (#size <64MB)
to HDFS.
C. Task Statistics
1) Task Count per Job: Figure 2(g) depicts the cumulative distribution of task count per job. Over 40% of jobs are
divided into less than 10 tasks, while about 50% of jobs’s
task count ranges from 10 to 2000. The largest job consists
of 91,798 tasks, and the smallest job contains only one map
task. Observation 5. The task counts of jobs in Yunti are
diverse. Small jobs take majority, and medium and large jobs
account for a considerable part of the jobs analyzed. Thus,
Hadoop schedulers need to be improved for scheduling small
jobs.
2) Task Duration: Figure 2(g) shows the cumulative
distribution of the map and reduce task duration. More than
50% of tasks are executed for less than 10 seconds. The
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longest task lasts 20 minutes and 48s. Observation 6. Both
map task and reduce task duration time follow a log-normal
distribution.
3) Task Equity: Various methods have been proposed to
measure the equity for a distribution. Gini coefficient is
the most commonly one. Figure 2(i) shows the cumulative
distribution of jobs with the given Gini coefficient for their
map and reduce tasks respectively. We observed that more
than 95% of jobs with Gini coefficients of map task durations
<0.15, and more than 95% of jobs with Gini coefficients
of reduce task durations <0.05. Observation 7. The task
inequity problem for map tasks is much worse than the
one for reduce tasks, which is beyond our conventional
viewpoints.

jobs from workload traces and how to synthesize workloads.

V. W ORKLOAD G ENERATION

WaxElephant supports diverse workloads, which is formed
by various job groups. For example, according the job
completion time, the jobs can be grouped into second-jobs,

In this section, we firstly present the modeling of an
individual MapReduce job, and then discuss how to generate

A. Modeling a MapReduce job
According to former discussion in section IV, we show
that an individual MapReduce job is described by several
features from the real cluster traces C the jobs input, output,
local I/O, its running time in seconds, and it map and reduce
duration, here we define the map/reduce duration as the total
running time of all map/reduce tasks, that means the map
duration of a job has 2 map task that each takes 10 seconds
is 20 seconds. Formally, a MapReduce job is modeled by
a vector as 𝐽𝑜𝑏𝑖 = {𝐼𝑖 , 𝑂𝑖 , 𝐿𝐼𝑂𝑖 , 𝐽𝐷𝑖 , 𝑀 𝐷𝑖 , 𝑅𝐷𝑖 }, where
the meanings of these symbols are presented in Table V-A.
B. Job Generation

Table II
S YMBOLS AND DESCRIPTION
Symbol
𝐽𝑜𝑏𝑖
𝐼𝑖
𝑂𝑖
𝐿𝐼𝑂𝑖
𝐽𝐷𝑖
𝑀 𝐷𝑖
𝑅𝐷𝑖

Description
The 𝑖-th MapReduce job
The input scale of the 𝑖-th job in bytes
The output scale of the 𝑖-th job in bytes
The local read and write of 𝑖-th job in bytes
The running time of the 𝑖-th job in seconds
The total running time of all map tasks
The total running time of all reduce tasks

minute-jobs, hour-jobs and day-jobs. A representative job is
the job that has similar statistical characteristics with the
some other jobs in the terms of job completion time. In
this section, we investigate how to describe a real cluster
workload using a small set of common jobs. We use kmeans, a well-known data clustering algorithm, to extract
such information.
As discussed former, we describe each job using all 6
features available from the cluster traces - the jobs input,
output and local I/O data sizes in bytes, its running time
in seconds, and its map and reduce durations. We linearly
normalize all data dimensions to a range between 0 and 1 to
account for the different measurement units in each feature.
Then input the array of all jobs into k-means. K-means finds
the natural clusters of data points, i.e., jobs. We consider jobs
in the same cluster as belonging to a single equivalence class,
and can be described by the natural clusters of data points,
that is, the common job.
The more common jobs in the generated workload, the
more accurate the workload is. But having too many clusters
will lead to an unwieldy number of common jobs, even
though the variance explained will be higher. So to find the
optimal k, the number of clusters, we increment k, until
there is diminishing improvement in the cluster quality. We
measure cluster quality by variance explained, a standard
metric computed by the difference between the total variance
in all data points and the residual variance between the data
points and their assigned cluster centers.

Workload generation from a real job trace contains the
following three steps. Firstly, the total count of jobs in
the job trace is counted and the job submission pattern is
extracted. Then, the duration of the job trace is split into
several time intervals according to a given time unit (5
seconds by default). Finally, we perform a clustering on the
job trace based on one of the job characteristics, and for each
cluster we record the statistical characteristics for every job
characteristics, e.g. the minimum and maximum values, and
the percentage of jobs that are clustered into the cluster.
VI. S IMULATION OF H ADOOP CLUSTER
Simulating a realistic MapReduce cluster is a challenging
work. One of the keys is to figure out the right level of
abstraction. Cluster nodes are the fundamental components
of a Hadoop application. The simulation schema of nodes
greatly determines the accuracy and effectiveness of the
Hadoop simulator. In WaxElephant, each node is modeled by
a set of configurable parameters related to various resources.
Some parameters for the whole cluster define the cluster
topology, network transfer speed, etc.
A. Simulation of nodes
∙

∙

∙

C. Simulation of Workload
WaxElephant supports simulation of a large number of
concurrent jobs. The workload is defined by the following
parameters.
∙ Job submission pattern. The submission pattern is characterized by number of submitted job per second. We
use a list of <𝑇𝑘 ,𝐽𝑖 >to describe a job submission
pattern.
∙ Distribution of representative jobs. After extracts the
common jobs, we count the percentage of jobs that
each cluster owns. And the workload generator would
generate corresponding number of jobs according to
the common job. For example, WaxElephant would
generate 20 jobs of kind A if its occupancy is 20%
in the workload and we need a 100 jobs workload.

∙

Processors and cores. By default, each node in WaxElephant has one single-core processor. However, the
number of cores and processors could be configured.
One node can have one or more processors, and each
processor can have multiple cores. Besides, the capability of each core is defined by the volume of data
processed per second instead of CPU frequency.
Memory. The simulation of memory involves three
parameters, including size of memory, speed of memory
reading and writing. Actually, the time cost on reading
and writing data on memory can be omitted due to the
their high speeds (about 10GB/s).
Slots. A TaskTracker is configured to provide a fixed
number of slots, and each slot can host one task
independently. A common configuration for multi-core
TaskTracker is to set two slots for each core. There
are two kinds of slots exist in a computing node: map
slots process map tasks and reduce slots process reduce
tasks. By default, WaxElephant is configured with one
map slot and one reduce slot for each core.
Local disks. The intermediate data of map output is
written to local disks. The cost for performing I/O from
the local disks is an important factor that affect the
job completion time. We simulate a local disk with
read and write requests queue manager, which handle
the requests in a FIFO manner. Let 𝑆 represents the
read/write speed of a local disk, the time cost for
a read/write request for 𝐵 bytes is estimated as the
Equation 1.
𝑏
(1)
𝑇𝑖𝑜 = + 𝑇𝑠𝑒𝑒𝑘
𝑥

where 𝑇𝑖𝑜 represents the time cost, and 𝑇𝑠𝑒𝑒𝑘 represents
the seek time for the requested data.
B. Simulation of cluster
∙

∙

∙
∙

Network and topology. The simulation of topology
involves a set of parameters that define the cluster
organization, which nodes located in which racks. By
default, WaxElephant uses a single rack topology, in
which all the computing nodes are connected by a
router.
Network transfer. The simulation of network transfer
is implemented by two kinds of parameters: speed between routers, the speed between routers and computing
nodes. In the shuffle phase, the output of the map tasks
is transferred to the reduce nodes.
Cluster scale. The cluster scale is defined by number
of nodes, which can be ranged from 1 to 10,000.
Job scheduler. Job scheduler is a pluggable part in WaxElephant, which supports three job schedulers: FIFO
scheduler, Fair scheduler [16] and Capacity scheduler
[3]. Different job scheduler produces different job execution sequence.

C. Simulation of HDFS
Simulation of HDFS is a critical issue for designing a
MapReduce simulator, which has been ignored in most previous works [11][12]. MapReduce framework is deployed on
the top of HDFS, which provides high-efficiency and reliable
storage service. During the processing of a MapReduce job,
it reads input data from the HDFS, and the final output are
written to the HDFS. Therefore, we simulate the HDFS with
three main parameters.
∙

∙

∙

Replication level. It means the mount of replication a
file would be stored in HDFS. The replication level
can significantly impact the mount of local map tasks.
When improving the replication level, a map task has
higher probability to become a local map task, which
reads input data from local disk, and thus reduces the
data transferred and save the bandwidth.
Block size of the file system. Regularly, a big file is split
into several fix-size blocks in HDFS, thus a number of
map tasks can read and process the file concurrently.
Data locality strategy. This parameter decides the block
locations of a file, and impacts the target computing
nodes the map tasks would be assigned to indirectly in
some cases.
VII. S IMULATION OF TASK E XECUTION

The simulation of task execution in WaxElephant greatly
determines the accuracy of performance reported by the
simulator. As the steps in map and reduce tasks are different,
the simulation of map tasks and reduce tasks are separated.

A. Simulation of map tasks
A map slot would initialize a map task once the heartbeat
message is returned with a task launch instruction. Then, the
map task copies the chunk from HDFS, starting to process
data according to the job specification. During the execution
of map task, the intermediate data generated by the map task
are firstly written to a buffer. Once the buffer is full, a backend running operation of spilling is activated.
In most cases, the step of spilling produces a large number
of I/O operations on local disks. At the step of spilling, the
intermediate data is divided into several partitions according
to a hash function, then each partition is transferred to one
reduce node. A sorting and combining operation may be
performed for each partition data if it has been defined.
Finally, the spills are written to local disks. After the input
data from all map tasks being processed, a merging operation
is performed to aggregate the spills into a single file.
B. Simulation of reduce tasks
A typical reduce task is divided into three steps:
1) Shuffle: the map outputs are copied from the map
nodes to a reduce node. Decompressing and partial
merging may also be performed in this step.
2) Merge: the partitions from multiple map nodes are
sorted to form the input of the reduce task.
3) Reduce: the inputs are processed according to the userdefined reduce function. The outputs are written to
HDFS.
In the simulation, each map task and reduce task is abstracted as a SimMapTask and SimReduceTask respectively.
Both SimMapTask and SimReduceTask are under the control
of a well-designed event engine. For example, to model
the process of copy input chunk to local disk from HDFS,
a SMT register an event into the event engine, and when
the event gets timeout, the event engine would inform the
SMT that the input data is ready. The event engine is a
high-performance module, and can achieve the throughput
of millions TPS, thus ensure the high-performance and
accuracy of the simulator.
VIII. E VALUATION
In this section, we evaluate accuracy of WaxElephant
by conducting several experiments on WaxElephant and
compare it against the open source simulator Mumak.
A. The accuracy of individual MapReduce job
In this case, we deploy a real Hadoop cluster on 50
nodes with Intel CPU Q6600, 4GB RAM, 1 Gbps network
bandwidth and running CentOS 5.6. We use Hadoop 0.19
with two nodes for JobTracker and NameNode respectively,
and the other machines run TaskTrackers and DataNodes.
Each TaskTracker is configured to own 4 map slots and
2 reduce slots. The block size of the file system is set to
the default value, 64MB, and the replication level is set to
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so on. The YunTi cluster is consist of about 2000 nodes, and
the number of available slots is about 35000. So we setup
WaxElephant to 2000 nodes, each of which has 20 slots
and initialize the simulated cluster with the configuration of
HDFS of YunTi. In this case, we replay the job trace using
WaxElephant and Mumak respectively, and then compare
the results against the original trace. We linearly normalize
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3. We use WaxElephant to simulate a Hadoop cluster with
the same configurations as those of the experimental cluster.
Two applications are use in this experiment:
1) Word count: This application computes the occurrence
frequency of each word in 5GB, 10GB and 15GB
Wikipedia article history dataset.
2) Sort: The Sort application sorts 32GB, 64GB and
128GB of random data.
In this experiment, we collect a real workload trace
consisting of three executions of the two applications. And
then replay this trace using WaxElephant and Mumak.
We validate the accuracy of WaxElephant by compare the
average job and task durations and local disk I/O against
that of the real cluster. We linearly normalize the results of
WaxElephant and Mumak to a range between 0 and 1 by
dividing the result of the real cluster.
Fig.3(a), 3(b) and 3(c) show comparisons of the job and
task durations of the simulated jobs with respect to the
real job and task durations across different applications. We
observe that WaxElephant faithfully replays the trace with
less than 5.4% error across all the applications. On the other
hand, Mumak underestimates the job completion time and
has more than 12.2% minimum (25% maximum) error while
replaying the same trace. Fig.3(d) shows comparisons of
the local I/O of the simulated jobs with respect to the real
local I/O across different applications. We can confirm that
WaxElephant can simulate the local I/O of applications at
some level, 13% average error and 36% maximum error,
while the Mumak cannot simulate those metrics.
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Figure 4. Comparison results of multiple jobs between WaxElephant,
Mumak and a real Hadoop cluster

the result of WaxElephant and Mumak to a range between
0 and 1 by dividing the result of the real cluster, and count
their cumulative distribution.
Fig.4(a) shows the comparisons of the job durations of the
workload trace replayed by WaxElephant and Mumak. It can
be inferred from the figure that WaxElephant can replay the
jobs with less than 15% error across the whole trace, and
more than 94% of jobs are replayed with less than 10% error.
While Mumak underestimates the job durations and results
in more than 34% maximum error. We can observe that only
75% of Mumak replayed jobs can achieve less than 10%
error. The errors of task durations show the same tendency,
so we do not present comparison results here. Fig.4(b) shows
comparisons of the local I/O of the WaxElephant replayed
jobs with respect to the real local I/O across the whole trace.
We observe that the error of simulated local read and written
bytes are much conspicuous, with the maximum error of
36% and only about 85% of jobs have error less than 15%.
IX. R ELATED W ORK
Although there are some existing tools for simulating
various distributed systems, only a few simulating tools
specifical for the MapReduce environment have been developed.
Mumak [6] is an open-source MapReduce simulator,
which has been committed to Hadoop 0.21 and later versions. This simulator replays MapReduce workload traces
collected with a log processing tool, called Rumen [1],
and reproduces all conditions of a production cluster. The
job submission, inter-arrival, dependencies, task completion
times are obtained by Rumen. Mumak simulates a cluster

with thousands of nodes in one process. In Mumak, task
executions are simplified, without modeling the shuffle and
sort phase. The resource utilization, such as CPU, memory
and network utilization are also omitted.
MRPerf [12] is representative MapReduce simulator for
comprehending various design parameters of MapReduce.
MRPerf is designed for helping Hadoop operators to know
how their MapReduce jobs will behave on a specific parameters setting. According to the evaluation results presented
in [12], MRPerf achieves a high accuracy in simulating
the behavior of underlying network in the cluster due to
its utilization of NS-2 simulator [7]. However, MRPerf
simplifies the task execution process and fails to simulate the
complete progress of map tasks and reduce tasks. Therefore,
the simulation is difficult to reflect the behavior of a real
Hadoop cluster.
Hammound et al. [5] developed a discrete event based
MapReduce simulator, called MRSim, which uses GridSim
[2] to simulate network topology and traffic, and uses
SimJava [10] to simulate interactions between different
entities within cluster. The authors focused on evaluating
and scalability and parameter tuning. Verma et al. [11] build
a simulator called SimMR which is capable of replaying
the scheduling decisions over a large workload in a few
minutes on a single machine, thereby comparing different
scheduling decisions in MapReduce environment. SimMR
implements a discrete event simulator engine that emulates
the job scheduling and resource allocation behaviors.
X. C ONCLUSIONS
In this paper we have presented WaxElephant, a Hadoop
simulator that can help Hadoop operators in scalability
analysis and parameters tuning. Extensive experiments have
shown that the proposed WaxElephant simulator can accurate simulate a Hadoop cluster and job execution process on
the Hadoop. WaxElephant can load real MapReduce workloads derived from the historical log of Hadoop clusters, and
replaying the job execution history. WaxElephant also can
synthesize workloads and execute them based on statistical
characteristics of workloads.
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