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As a distributed system, Hadoop heavily relies on the network to complete data-processing jobs. While the

traffic generated by Hadoop jobs is critical for job execution performance, the actual behaviour of Hadoop

network traffic is still poorly understood. This lack of understanding greatly complicates research relying

on Hadoop workloads. In this article, we explore Hadoop traffic through empirical traces. We analyse the

generated traffic of multiple types of MapReduce jobs, with varying input sizes, and cluster configuration

parameters. We present Keddah, a toolchain for capturing, modelling, and reproducing Hadoop traffic, for

use with network simulators to better capture the behaviour of Hadoop. By imitating the Hadoop traffic

generation process and considering the YARN resource allocation, Keddah can be used to create Hadoop

traffic workloads, enabling reproducible Hadoop research in more realistic scenarios.
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1 INTRODUCTION

Hadoop and related automated parallel data-processing frameworks have become the standard for
large-scale data computation. While these platforms abstract developers from the complexity of
parallel operations, it is challenging to ensure they achieve good execution performance. Most of
the research effort has focused on the application side of Hadoop, aiming to improve its resource
management and job-scheduling capabilities, as well as efficiently interpreting programs written
in higher-level languages [18]. However, there has been limited attention to the performance im-
pact of the network in Hadoop jobs, despite benchmarking studies showing that communications
constitute a significant part of the overall execution time [27].

In parallel, many networking researchers have been working on designing innovations within
data centre networks (where Hadoop typically runs). The nature of intra-data-centre traffic is
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fundamentally different to Internet application traffic (e.g., such as web requests [16]) and, conse-
quently, there have been various proposals for novel network topologies [2, 6, 11], protocol mod-
ifications [3, 37], active management of queues [10], and adaptive forwarding behaviour through
SDN [26] that specifically address data centre needs. This, however, creates a simple problem:
How do networks researchers evaluate their designs in a realistic environment? This is not trivial,
because even though Big Data applications are one of the main contributors to intra-data-centre
traffic, their traffic patterns and workloads are still not well understood. This makes it necessary
for researchers to evaluate their network innovations within a real data centre. This, however,
is very restrictive and limits research to large organisations that have both the required infras-
tructure for testing and the appropriate jobs to experiment with. As organisations are typically
reticent to share their infrastructure and job workloads, this creates a lock-out whereby external
researchers cannot develop and evaluate new data centre technologies.

We therefore argue that it is critical that open-source tools are developed to allow networks
researchers to evaluate their network innovations in a simulated fashion. As part of this, it is para-
mount that realistic traffic patterns can be reproduced in simulated environments. Thus, in this
article, we present Keddah, a tool that allows (i) Hadoop traffic to be captured within real clusters;
(ii) anonymous traffic models to be compiled; and (iii) the traffic to be replayed in simulated en-
vironments. Collectively, this allows any researcher to evaluate their network-level innovations
with realistic traffic patterns. Based on the traffic models, Keddah generates traffic by simulating
the complete execution flow between compute nodes and the traffic exchanged between them.
Keddah models Hadoop traffic at a flow level including the traffic volume, hosts involved, and
sessions for each protocol. We have built Keddah as an open-source tool1 on top of a network
simulator (ns3) and integrated publicly available Big Data workloads [5] for network research
purposes. We have included various models for immediate use, but also hope that operators using
Hadoop will use Keddah to capture and share their own traffic patterns. As well as presenting
Keddah, we shed light on the nature of Hadoop traffic, exploring how it is impacted by various job
and cluster settings.

This article is organized as follows:

• Section 2 describes the main elements of the Hadoop platform, with an emphasis on network
communication between components.

• In Section 3, we outline the architecture of Keddah and specifically illustrate each compo-
nent in the later sections.

• Section 4 details our methodology to capture Hadoop traffic and extract its distribution. We
explore the impact of varying several parameters, including job types, job parameters, and
cluster settings.

• Section 5 presents the implementation of Keddah, as well as how it is integrated with ns3.
• Section 6 discusses our validation experiments where we compare Keddah’s generated traf-

fic with workloads captured in real environments.
• Section 7 presents and evaluates two example applications of Keddah for data-centre net-

work research. We show the effect of multiple data-centre topologies and transport-level
protocols in the performance of Hadoop jobs.

• Section 8 discusses related works in this area.
• Section 9 concludes the article, highlighting remaining lines of future work.

1github.com/deng113jie/keddah.
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2 BACKGROUND

In this section, we look into how Hadoop traffic is generated during job execution and provide a
first characterisation of its nature. We first explain how Hadoop works, before inspecting the types
of traffic components that Hadoop generates and diving into individual flow behaviours.

2.1 How Hadoop Works

Hadoop MapReduce is a system designed to support automated parallel data processing across
multiple compute servers. It consists of a distributed storage system (the Hadoop Distributed File
System—HDFS) and a distributed execution framework called YARN [35]. MapReduce defines a
two-stage execution flow where a mapping process is followed by a reduction process. Both map-
per and reducer tasks are allocated to Linux containers during task assignment. Jobs start with the
YARN Resource Manager allocating containers to nodes. If jobs require input data that needs to
be processed by mappers, then the allocation will try to assign containers onto nodes where the
data split is stored locally (in the HDFS). Figure 1 presents the structure of a complete Hadoop job
containing multiple mappers and reducers. Map containers read the appropriate data from HDFS.
Once each mapper has retrieved its allocated data blocks, it begins to execute the computation
(e.g., sorting). Results are partitioned by key, with reducers aggregating all emitted values belong-
ing to the same key. Thus, results from mappers are then transferred during the shuffle step to the
reducer containers (using HTTP). Each reducer node computes results for each key, and once all
computation has been completed, the reducer writes the result back to HDFS. This means that the
Hadoop application generates a number of traffic components during job execution.

2.2 Hadoop Traffic Composition

As mentioned above, Hadoop generates several types of traffic, including HDFS control messages,
HDFS data transmissions, Shuffle data transfers, and YARN control messages (e.g., keep alives).
Hence, it is necessary to understand the importance of these several traffic components. We set
up Hadoop clusters with 16 physical work nodes and a master node. We use the default cluster
settings (as listed in Table 1) to observe common traffic behaviour.

To capture a range of traffic, we sample a diversity of Hadoop jobs, including machine learn-
ing, graph algorithms, and scientific computation. We focus on three types of jobs [22, 30], taken
from the benchmarking tool HiBench [13]. The jobs are (i) TeraSort: the TPCx benchmarking job
for Hadoop clusters [25]; (ii) PageRank: a graph-processing operation for calculating the weight
between vertices [17]; and (iii) kmeans: one of the most popular data-clustering algorithms [1]. We
considered other types of jobs in our initial experiments (e.g., word count, join queries, Bayes) and
found the selected three provide a good sample of different types of MapReduce computation, as
they contain most traffic types. For all jobs, we record the traffic exchanged using sflow.

Using the sflow records, we start by splitting the traffic into its individual types (using the port
numbers). Table 2 presents the breakdown of traffic for each type of job. We found the traffic
portion is consistent for each job given various job-input datasets. From both virtual and physical
clusters, the amount of control plane traffic is negligible, with in excess of 99% of traffic coming
from HDFS data transfers and Shuffle. Hence, control traffic can be ignored for network traffic
generation, as its impact is negligible. However, for data plane traffic, the diversity across jobs is
significant. For example, we observe no Shuffle traffic in map-only jobs such as Bayes and Kmeans
compared to 90% in TeraSort (seen in Table 2). Moreover, the PageRank job generates just 1% of
its traffic from HDFS read, compared to 54% for the Bayes job. No shuffle traffic can be seen if it
is a map-only job (e.g., Bayes and Kmeans). Further, in cases where there is no HDFS replications
set, HDFS write traffic is eliminated. Overall, it can be seen that the proportions (and amounts) of
traffic generated by these three key protocols is largely based on the job type and dataset.
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Fig. 1. MapReduce data-processing paradigm.

Table 1. Default Hadoop Settings

Name Value
data replications 3

cluster size 16
block size 128MB
input split 128MB

number of reducers 2
output replication 1

Table 2. Traffic Composition of Hadoop Jobs

Job HDFS read HDFS write Shuffle

sort 0.01 0.7 0.29
wordcount 0.03 0.66 0.31
TeraSort 0.1 0 0.9

Bayes 0.54 0.46 0
Kmeans(itr-1) 0.31 0.67 0
Kmeans(itr-2) 0.07 0.82 0

PageRank(itr-1) 0.10 0.66 0.23
PageRank(itr-2) 0.25 0.09 0.66

Hive Join 1.0 0.0 0.0
Hive Aggregation 0.98 0.02 0.0

It is also possible to inspect how each of these traffic components is generated across the multiple
stages of a job. By definition, each stage occurs sequentially: HDFS Read loads the data onto mapper
nodes, Shuffle exchanges data between the mapper/reducer nodes. Finally, HDFS Write stores the
result. Due to space constraints, we focus on how these traffic components are generated in three
example jobs (Kmeans, TeraSort, and PageRank). Figure 2 presents the amount of traffic generated

ACM Transactions on Modeling and Computer Simulation, Vol. 29, No. 3, Article 16. Publication date: June 2019.
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Fig. 2. Fraction of traffic transmitted over time for TeraSort, PageRank, and Kmeans. The horizontal lines

demarcate HDFS Read, Shuffle, and HDFS Write traffic. (Note: the TeraSort is HDFS read and shuffle only;

the tail of Kmeans is truncated for plotting.)

per second on the physical cluster for: the second iteration of PageRank jobs (with 10M vertices),
TeraSort jobs with 6GB data, and the first iteration of Kmeans jobs with 14 clusters and 14M
samples per cluster. The amount at each second is shown as a box plot, with data taken from
400 runs.

It can be seen that each job exhibits broadly similar trends, but with key differences. These
differences emerge from the varying ratio between the three core traffic components. For instance,
TeraSort’s first 10% of traffic is HDFS Read, followed by the remaining 90% that corresponds to
Shuffle traffic. Similarly for PageRank, there is 25% HDFS Read at the beginning, then 66% Shuffle,
and finally the last 9% is HDFS Write. All traffic seen on the network follows this three-stage
sequence. Clearly, this stability in the structure gives a clear guidance that HDFS read, shuffle, and
HDFS write traffic needs to be investigated separately to get a precise reproduction of the Hadoop
traffic. Importantly, this must be performed on a per-job basis to reflect the diversity observed.

3 KEDDAH ARCHITECTURE OVERVIEW

This article exploits the above observations to build a tool that can capture and replay Hadoop
traffic. Keddah offers a full workflow that allows users to (i) capture traffic from a real cluster;
(ii) model it; (iii) replay it within a simulation environment. Importantly, this does not involve
exporting real traffic traces—instead, Keddah generates compact traffic models that represent the
traffic seen. The workflow is shown in Figure 3. On the left, traffic is captured from a real cluster
(as shown in Section 4). Following this, the empirical traffic distributions are computed (as shown
in Section 4.2). The workflow then exports the distributions into a separate Keddah file that can be
used to replay the traffic in a simulation environment (as shown in Section 5).

A key goal of this workflow is to allow any Hadoop operator to capture their traffic and share
it with the community for replay. Importantly, by converting traffic into the appropriate distribu-
tions, we ensure anonymity and minimise exposure of sensitive information regarding a particular
Hadoop operator. The rest of this article will outline the various components of this workflow.

4 MODELLING HADOOP TRAFFIC FOR REPLAY

The first stage in the Keddah workflow is the capturing and modelling of Hadoop traffic from real
environments. This is then used to generate a Keddah file, which contains the necessary parameters
to replay the traffic within a simulation. In this section, we start with details of how we capture the
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Fig. 3. Architecture of Keddah, starting with execution of real jobs and ending in the generation of the traffic

in a simulator.

Hadoop traffic and extract the necessary distributions—first under default settings and then using
various jobs, job settings, and cluster settings. The purpose is to then prime our later re-generation
of synthetic Hadoop traffic.

4.1 Capturing Hadoop Traffic

To explore the network patterns of Hadoop, it is first necessary to measure its live behaviour. For
this, we use well-known benchmarking tools to execute a number of different jobs on a real Hadoop
cluster. Packet traces are then collected across the cluster to study, characterise, and model the
traffic. Our methodology allows us to sample the network traffic over a set of variables, including
cluster settings (number of replications, HDFS block size, cluster size), type of jobs, and job settings
(output replication, number of reducers, and job-specific parameters).

To fully capture the Hadoop traffic, we need to map the traffic to each of the containers to acquire
a fine granularity about the traffic. Thus, at each of the machines in the cluster, we first collect all
the network traffic via sflow with a sample rate of 1. Then, we regularly collect processes and flow
information from the operating system on each machine and cross-reference them with the sflow
collected. In the end, we are able to map the traffic to the origin process, source node and port,
destination node and port, process, and, finally, flow size and duration.

After the traffic is collected, we aim to profile the traffic at the application level. This is because we
wish to avoid modelling lower-layer factors, thereby freeing up researchers to innovate in layers 2,
3, and 4 while using our synthetic application traffic patterns. Normally, traffic is described at the
network level by five tuples: the protocol, source/destination address, and source/destination port.
However, more parameters are required to capture the Hadoop traffic when taking the application
level behaviour into consideration. Thus, we propose a new set of parameters in an attempt to
best capture Hadoop traffic, agnostic to the underlying network features (e.g., transport protocol,
topology).

For each traffic component (HDFS read, write, and shuffle), the traffic is described by five pa-
rameters: the number of containers, number of source nodes per container, number of flows
per source, flow size, and flow start time. We chose this approach because the five-tuple is the
minimum required to identify flow-level behaviour. As we wished to achieve high scalability,
we wanted to operate on this flow-level to avoid the complexities and overheads introduced by
packet-level models. The model is therefore the most lightweight data structure for recording
traffic. To aggregate flows into a single model that could be used for traffic replay, we recorded
the number of sources, number of destinations, and number of flows to record. This is sufficient
for regenerating the number of flows in the simulator. However, it does not capture the size or
timings of the flow. Hence, it was necessary to supplement these three parameters with flow
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size and flow start times. Collectively, these five parameters are the minimum required to re-
play flow-level activities in the simulator, thus giving us accuracy when replaying the traffic. The
same set of parameters is captured for each component, including HDFS read, shuffle, and HDFS
write.

Following this, we then extract the full distribution of parameter values (e.g., flow sizes) across
a number of job runs (400 for each parameter set by default), i.e., we repeat the same job 400
times. This is necessary because the traffic generated are non-deterministic and vary per run. Our
experiments show that 400 runs gives us enough samples to construct the distribution [7]. And
by quantifying the parameters via distribution, we can later compare the parameters from various
settings and even extrapolate the parameters in the future. Each run may vary from 2mins to
30mins, depending on the job type and job parameters. In total, we have captured traffic of 2,000
running hours from our cluster, consisting of various jobs, cluster parameters, and job parameters.

As Keddah primarily performs traffic replay-like functionality, we assume that the simulated
cluster is broadly similar to the live cluster where the initial traffic traces were captured. For
tractability, when capturing the traffic, we only focus on the parameters that people often change
when initialising their cluster. That said, it is possible to record various different settings in the
live cluster and replay them in the simulator—we make our simulator open-source to allow others
to experiment with these possibilities.

4.2 Extracting the Traffic Distributions

The previous section shows how we capture traffic from a live cluster. We next explore how to
model the Hadoop traffic, so it can be later replayed within a simulator. Here, we run TeraSort,
PageRank, Kmeans, and Hive Join with the default cluster settings listed in Table 1. We emphasise
that our methodology works across any job; we use these three simply as exemplars.

The approach taken to traffic modelling is straightforward. We collect the empirical traffic over
400 runs and, for each run, capture the parameters listed in the previous subsection (e.g., flow sizes
observed). We then perform a maximum-likelihood fitting of univariate distributions, evaluate the
fitting by using the Kolmogorov-Smirnov test (ks.test), and then select the distribution with the
highest p-value. Figure 4 presents the CDF of empirical samples (red) and fitting results (green)
for each of the parameters that we used to describe the Hadoop traffic. The shuffle part has only
TeraSort and PageRank as Kmeans, as Hive jobs do not have shuffle traffic. These plots give us an
intuitive visualization of the distribution extracted by comparing the similar of two CDFs; though
some of the distributions may not look so similar (Figure 4(g), for example), which is due to the
discreteness of real traffic. Once the fitted distributed is used in the simulation, the generated
random number will be rounded for a better imitation of real traffic.

For the distributions found, we can see that for the number of containers, number of sources/
destinations per containers, number of flows, and flow starting time, all have one thing in common:
they follow the Normal distribution. However, for the HDFS flow size, we find two other types of
distribution that fit different jobs: for mappers requiring the data from one block only (e.g., Tera-
Sort, Kmeans, and PageRank) the HDFS read flow size is binary; for mappers that require the data
from more than one block (e.g., Hive, Join) the fitted distribution is Weibull. Keddah automatically
extracts these parametrised distributions using its maximum-likelihood fitting.

Apart from the visualisation, we list the numerical distribution parameters found for various
TeraSort jobs with different job settings in Table 8 (cf. Appendix A). This includes the mean and
standard deviation for the Normal distribution, the probability for Bernoulli or shape, and scale
for the Weibull. The table is the core output of the modelling section mentioned in the Keddah
architecture 3.

ACM Transactions on Modeling and Computer Simulation, Vol. 29, No. 3, Article 16. Publication date: June 2019.
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Fig. 4. Fitting the traffic distribution over various jobs.
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4.3 Modelling Impact of Cluster Setting

The previous subsection has shown the distribution of traffic metrics across a variety of jobs.
Importantly, it has used simple best-fitting to extract the probability distributions of these metrics
to allow later replay. However, we have also observed that individual cluster settings with Hadoop
can heavily impact these values. Hence, it is necessary to capture the impact that these different
cluster settings have on the traffic make-up. To achieve this, we repeat the same methodology
while varying several key cluster parameters; under each parameter setting, we extract the five-
tuple model. This is then embedded within the Keddah file, allowing an experimenter to select the
cluster settings they wish to generate traffic for.

We start with a set of parameters that are commonly used in practice to tune cluster perfor-
mance, namely data replication, cluster size, block size, input split size, number of reducers, and
output replications. Clearly, it is not feasible to fully explore this large sample space by executing
millions of jobs. Thus, we use the default settings as a baseline (as shown in Table 1), and change
only one setting at a time to explore the difference. As well as executing these tests to extract the
models for the Keddah file, we explore the impact the differing settings have to better elucidate
the nature of Hadoop traffic.

4.3.1 Replication and Cluster Size. Among the most important decisions made when operating
a Hadoop cluster are the replication rate (i.e., number of data replicas) and cluster size (i.e., number
of nodes). When data is stored on HDFS, the data is split into file blocks. Each block may be
stored on multiple nodes for fault tolerance; this is controlled by the replication setting. With
more replicas (or fewer work nodes in the cluster), each node will clearly have to store a greater
number of blocks. As we have discussed previously, the mapper reads a block at the beginning of
execution, and traffic will be generated if the block is not locally stored.

In essence, the above can be modelled using the probability by which a mapper will have a
local copy of the required block. If a local copy is not available, then traffic will be generated. To
understand this probability, we have extracted the algorithm used for replica management from
the Hadoop source code. We find that blocks are randomly assigned to nodes within the cluster.
Following this, when a mapper container is assigned to a node, it is, by preference, allocated to
the node where the data is already stored. However, this does not always happen. Using Hadoop’s
source code, we have extracted the assignment algorithm2 such that we can predict whether or
not a mapper container will be placed on the same node as its data.

Rather than exploring the impact of replication by executing real jobs, we simply use this (de-
terministic) assignment algorithm, which produces the probability by which a mapper will be co-
located with its data. To compute this, it takes four input parameters: number of nodes, number
of blocks, number of replications, and number of mappers. The algorithm first randomly assigns
blocks on each node. Note the total number of blocks will be the number of blocks input multiplied
by the number of replicas. The algorithm then starts to assign the mappers to each node. It then
simply counts the number of mappers running on a node without the requested block stored. Fi-
nally, it outputs the counted number divided by the total number of mappers: this is the probability
of have traffic generated during the mapper process. We find that the empirical probability that a
mapper reads a remote block follows the Bernoulli distribution (parameters listed in Table 8).

To confirm the above is correct, we compare our predicted results against the behaviour of
our real Hadoop cluster. For each instance, we emulate the process 1,000 times to find the mean
value. Figure 5 shows the value found for various numbers of blocks and numbers of nodes
combinations under different replication settings. Not surprisingly, we found the same result from

2https://github.com/deng113jie/keddah/locationemu.
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Fig. 5. The probability that a mapper requires a block that is not locally stored. Varies over cluster replica-

tion setting, number of nodes, and number of blocks required to store the file. Results obtained using the

algorithm taken from Hadoop source code.

Fig. 6. Traffic variation over block size and input split.

running empirical traces in our real cluster. We can see that the probability varies over different
combinations but also decreases with more replication set in general.

4.3.2 Block Size and Input Split. The block size decides how many blocks each file is fragmented
into when stored in HDFS. The input split size is the data file size that each mapper processes. By
default, the block size is treated as the input split size. Next, we run jobs over various block and
input split sizes and see how the traffic is affected. Each run results in a new five-tuple model,
which is included in the Keddah file (allowing people wishing to replay the traffic to select their
preferred block and input size).

To explore how these parameters impact traffic generation, Figure 6 plots the number of map
containers used when experimenting with various block sizes. The Y-axis shows the fitted mean
to aggregate the samples. When we alter the block size or input split size, the number of mappers
decreases linearly. This is expected, as the change of block size will reduce the number of blocks
stored, thus the mapper has a higher chance of running on a node with blocks locally stored. The
input split size will reduce the number of mappers directly, thus the number of mappers found
from the traffic wise will be decreased accordingly.

4.3.3 Number of Reducers. Another key metric is the number of reducers, which will clearly
affect the reduce phase of MapReduce. The number of reducers can be controlled with mapreduce.

job.reduces setting. Hence, we vary this parameter and generate the five-tuple model for each
parameter setup. We find that the number of reducers is affected by such a configuration when
running TeraSort, PageRank, and Hive Join jobs. Surprisingly, this is not always the case, though.
Figure 7(a) presents the fitted mean value found for the number of reducers from the 400 empirical
runs against various TeraSort job parameters. It shows that the number of reducers increases
with the setting, but not when the input data file size is small. For example, even though it is set
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Fig. 7. Traffic variation over number of reducers and output replications.

Table 3. Hadoop Traffic Distributions

Number of Number of Number of
Flow size Start time

containers srcs per container flows per source

HDFS Read Normal Normal Normal Bernoulli/Weibull Normal

Shuffle Normal Normal Normal Normal Normal

HDFS Write Normal Normal Normal Block size Sequential

to 3, only 1 reducer is generated with TeraSort 1G job. Hence, the mapreduce.job.reduces setting
constitutes a limit, not a lower-bound. By executing and capturing jobs with these different
settings, we automatically capture the number of reducers seen in this Keddah file.

4.3.4 Output Replication. The final parameter we inspect is the output replication level; this
dictates the number of replicas stored for the output of the job. Clearly, this will affect the amount
of HDFS write traffic. Again, we execute a number of jobs while varying the replication setting. In
each case, we record and model the traffic for storage within the Keddah file.

Figure 7(b) and Figure 7(c) show the variations by presenting the mean value fitted for number
of HDFS write traffic sources and number of HDFS write traffic destinations per source. We find
that this increases the number of source and destinations, as increasing the replica degree by
one with naturally result in one more source-destination pair. That said, the distribution of other
parameters such as flows per source-destination pair does not change. Again, we can see that the
value increases linearly with yields to the total number of nodes in the cluster.

4.4 Summary

In this section, we have empirically captured, modelled, and explored the nature of Hadoop traffic.
The purpose behind this has been to underpin the recreation of synthetic Hadoop traffic. Using a
variety of jobs and Hadoop parameters, we have quantified the resulting traffic that is generated.
For each parameter under consideration, we have investigated the distribution of its values across
400 runs to capture its properties. A summary of all measurements and fittings can be found in
Table 3.

This entire process is embedded within the Keddah toolkit, allowing Hadoop operators to cap-
ture and model traffic. Importantly, the toolkit generates all job configurations such that multiple
parameters can be experimented with. The output of this process is a Keddah file: a configuration
file containing five-tuple descriptions of each traffic type observed (HDFS Read, Shuffle, HDFS
write). This set of 15 parameters is stored for each cluster setting that has been recorded, e.g., for
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16:12 J. Deng et al.

each replication level. By doing this, the Keddah file can be shared with experimenters who wish
to replay the same traffic in a simulated environment.

5 SIMULATING HADOOP TRAFFIC USING KEDDAH: AN IMPLEMENTATION

PERSPECTIVE

The previous section has captured and computed empirical models for the distribution of various
key traffic metrics. These are embedded within a Keddah file that can be publicly shared with others
wishing to replay the traffic. In this section, we implement the last part of Keddah, which uses a
Keddah file to replay traffic within a simulated environment. Keddah is built on top of ns3, so the
traffic can be reproduced while experimenting with different network possibilities (e.g., topology,
routing protocols). Note that this is limited to explorations below the application layer, such that
the application layer behaviour does not vary.

5.1 Implementation within ns3

5.1.1 Implementation Overview. The previous section has detailed the first stage in the Keddah
workflow (cf. Figure 3), where real traffic is captured and modelled to create a Keddah file. The
second stage is therefore the use of this file to replay traffic in a simulated environment. Thus,
Keddah also consists of a series of new ns3 software classes that represent the entire set of sim-
ulated Hadoop functionality, e.g., mappers, reducers, and the YARN scheduler. Although we have
chosen ns3, due to its wide availability, Keddah could be implemented in any open-source simu-
lator. Figure 8 shows the class diagram of the Keddah implementation. The Keddah ns3 plug-in
has three main components that represent the cluster topology and end hosts (green and blue),
the Hadoop scheduler (black), and the specific Hadoop jobs (orange). Each component consists
of multiple classes, represented by their different colors. The arrows show the calling relations
between classes. The rest of this section outlines their operation.

When running the simulation, users can choose from different cluster topologies and Hadoop
jobs (just as Hadoop works in reality). Once given a certain topology and job, Keddah starts by
building the cluster with a set of nodes interconnected by the stipulated topology (within ns3).
Following this, then jobs are also created, which involves request placement on each node based
on its available CPU and memory resources. Note that the placement is actually modelled as a
container (i.e., one physical node in the simulation can host multiple containers running mappers
or reducers). Once the resources are allocated by the simulated YARN class, the containers are
executed and they begin to generate traffic.

5.1.2 Implementing the Cluster. When the simulation starts, it is first necessary to simulate the
underlying cluster (data centre) topology and attach the “physical” nodes at the appropriate loca-
tions. As Keddah is built within ns3, it is not necessary to implement most functionality involved
in this, e.g., TCP/IP. Here, we only detail the ns3 components used to construct Keddah. The Clus-

ter contains both the nodes (as an ns3::NodeContainer) and the DCTopology, which defines how the
nodes are connected. DCTopology is a parent class that must be extended by specific classes for
each type of topology. As can be seen in Figure 8, we have implemented a number of example
topologies already: Star, FatTree, CamCube, and DCell. Other topologies can be implemented by
following the same procedure. Each DCTopology class is expected to implement its own topology
within the setup() method. For example, FatTree class defines the nodes, their IP addresses, and
their interconnections via its setup() method.

5.1.3 Implementing YARN Resource Allocation. YARN is the component that manages the
Hadoop cluster, i.e., allocation of containers to nodes. We separate YARN’s responsibilities into
two classes, shown in Figure 8: YARN schedules the job submissions and YarnScheduler handles
the resource allocation for scheduled jobs. The YarnScheduler is the equivalent of the Resource
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Fig. 8. Main classes implemented in Keddah, including cluster (green), YARN (black), Hadoop jobs (orange),

and containers (blue).

Manager in Hadoop: it assigns the CPU and memory resources to the container when requested,
i.e., it allocates mapper and reducer containers to nodes within the simulator. CPU and memory
are modelled for each node as a series of units; each node has a certain number of units that are
depleted by the placement of a container on the node. The YarnScheduler therefore works as a
queue that allocates containers (mappers and reducers) onto nodes that have sufficient resources.
Though resource allocation is implemented via various schemes in Hadoop (including FIFO, fair,
and capacity), we have implemented a FIFO queue as a proof of concept. We have left the interface
available for other schemes to be added. Thus, when jobs are submitted to YARN, it deals with them
in a FIFO queue, allocating their mapper and reducer containers to specific nodes in the simulator
one-by-one.

5.1.4 Implementing Jobs. The last part is executing the Hadoop jobs, where the traffic is gener-
ated. As an abstract class, HadoopJob declares the core attributes and methods needed within jobs.
HadoopJob is then extended by any specific job class. This is because each job has its own set of
distribution parameters according to Table 3. Thus, anybody can write a new job by extending this
class.

5.1.5 Implementing Mappers and Reducers. Finally, we follow the ns3 design principle and im-
plement Mapper and Reducer containers each as an ns3::Application. Each container is placed on
a node within the simulator and consumes a certain number of resource “units”; this is used to
limit the number of containers per node. In other words, YARN will only execute jobs and push
the containers onto nodes once there is sufficient (modelled) resources to handle the complete job
(i.e., all containers). Each container is also equipped with a callback function so the main job thread
is notified when the container finishes; this imitates the resource-allocation process of Hadoop in
reality. Overall, by implementing the mapper and reducer containers as an ns3::Application, we can
leverage ns3 to have an independent running process for each container, so they can be simulated
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in a parallel fashion. To avoid repeating code within both mapper and reducer classes, we also im-
plement a third class: TrafficApp. This is responsible for “orchestrating” all flows generating within
the simulator. It reads in the Keddah file and uses its parameters to generate a timeline of flows to
be initiated between the containers (cf. Section 5.2).

5.2 Simulating Single Jobs

Collectively, the above classes are used to generate traffic within the simulator. Because each job
operates in a different fashion, the start method in each job implementation is customised. For
example, the TeraSort starts the mapper threads and reducer threads only once, while the PageR-
ank has two calculation stages and each stage requires a new set of mappers and reducers. This
highlights the need for different jobs to be implemented separately. Keddah currently has imple-
mentations for TeraSort and Kmeans; it is possible for others to implement their own jobs.

Figure 9 shows the traffic generation process in each job, including the job thread (black), map-
per thread (green), and reducer thread (yellow). When the job starts in the simulator, the main
thread first gets the number of mappers (from the Keddah file’s five-tuple model). Note that the
Keddah file might contain multiple five-tuple models, each for a different cluster configuration;
hence, when running simulations it is necessary to select the preferred configuration. It then starts
the individual mapper threads. In the mapper threads, the process asks the YarnScheduler for the
required resource (i.e., a working node to host itself). Once acquired, the node decrements the
appropriate resource unit count from itself (using the YarnScheduler) and initiates the container.
Note, CPU and memory resources are modelled (on each node) as possessing a certain number of
“units” that can be stipulated by the experimenter (e.g., 1GB of memory). Each container consumes
a certain number of these units; by default, each container consumes 2xCores and 1GB of memory.

Once the mapper containers have been started, it follows the procedure below to generate the
traffic:

(1) The number of sources (NS) and number of flows per source (NFPS) parameters are loaded
(from the Keddah file).

(2) The two parameters are used to parametrise two ns3’s Normal Distribution implementa-
tion (N (NS ) and N (NFPS )). The implementation contains a GetValue() method, which
returns the next value from the distribution. These will be used to extract values from the
distributions within the remainder of the simulation for selecting the number of sources
each container receives flows from and the number of flows sent by that source.

(3) Each mapper container randomly selects a set of source nodes; the size of the set is taken
from N (NS ). Each mapper container then iterates through these nodes to generate a set
of flows. For each node, the number of flows to generate is taken from N (NFPS ):
(a) Each flow is handled by a TrafficApp instance (cf. Figure 8) separately, which is ini-

tialized by the last two parameters from the Keddah file: flow size (FS) and flow start
time (FST). This initialisation is identical to Step 2: the ns3 random number generator
is used to parametrise the appropriate distributions, such that values can be extracted
following the same pattern seen in the original cluster traces. The random number
generated is fed by different seeds based on the simulator system timestamps, thus
a more random behaviour is ensured to imitate the real traffic generation. Note that
flow start time follows a Normal distribution (N (FST )) and flow size follows either a
Normal (N (FS )), Binary (B (FS )), or Weibull (W (FS )) distribution based on job type.

(b) After initialization, the TrafficApp then triggers a TCP flow from the source to the
mapper container at the flow start time. The flow start time is extracted fromN (FST )
This flow size is, again, taken from the appropriately parametrised distribution, e.g.,
(W (FS )).
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Fig. 9. The flow chart for generated Hadoop traffic in ns3.
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After all the mapper containers have been started, the job thread keeps track of running/
finished mappers. When the number of completed mappers exceeds the threshold (set by
mapreduce.job.reduce.slowstart.completedmaps value in the Keddah source file), the job thread
starts the reducers, which the total number of reducers yields to the distribution parameter in
the Keddah file. Similar to the mapper, the reducer threads start with requesting resources, then
generate shuffle traffic from the container by using TrafficApp as the same procedure as listed
before. Finally, the HDFS write traffic is generated by the end of each reducer thread, and resources
assigned to the container at the node are returned back to the YarnScheduler for new assignment.

5.3 Simulating Multiple Jobs

Keddah can also support running multiple jobs as a workload (within one simulation). This is typ-
ical in clusters, where multiple datasets will be processed in parallel across several jobs. However,
simulating multiple nodes and jobs in parallel has always been challenging, due to the difference
between parallel processing with the discrete event simulations [9, 21]. We have explicitly built
support for running multiple jobs with Keddah.

Simulating the traffic from multiple jobs in Keddah is similar to a single job: We generate the
traffic from the application level, so network layer behaviour can be exposed for study. We first
tried to integrate OpenMP with ns3 to run jobs in parallel; however, OpenMP complicates the
code by specifying the behaviour for each computer core. We then tried pthread; however, the use
of pthread in ns3 requires the real-time simulator implementation, and the simulation of Hadoop
traffic is often too heavy to be running on real time. So, finally, we come up with a solution of: each
job implementation is expected to extend (inherits) from the ns3 Application class. Upon executing
the simulation, each job will enter a queue and the job is only executed once sufficient resources
(i.e., simulated CPU and memory on the nodes) is available. At this point, the next job within the
queue will begin execution. This reflects the process by which jobs are queued in a real Hadoop
schedule.

Researchers can stipulate their own arrival rate for the multiple jobs. However, for convenience,
we also make available the arrival rates based on the SWIM [5] dataset (which contains multiple
jobs). To support multiple jobs, the YarnScheduler we have implemented (which deals with re-
source management) allows multiple containers from multiple jobs to compete for the nodes within
the simulator. YARN will allocate containers to nodes one-by-one from each job in a round-robin
fashion based on the resources available. Each job therefore executes as a single job, generating its
own traffic within the simulator. We note that Keddah has an API allowing developers to imple-
ment any other scheduling mechanism they desire. The traffic is multiplexed within the IP-layer
implementation of ns3.

6 VALIDATION

It is important to validate that the traffic generated by Keddah is representative of real traffic. To
achieve this, we compare the original traffic against that replayed by Keddah. Ideally, these two
sets should be statistically similar across the duration of the job execution. We first compare the
traffic of a single job, then extend to a workload consisting of multiple jobs.

6.1 Single Job

To validate the traffic generated, we simulate the topology of our cluster testbed in ns3, using the
traffic distributions computed in Section 4.2. However, there is no existing method on comparing
Hadoop traffic or the exact similarity of network traffic. We note that cumulative traffic over time
is often used in characterising Internet or datacentre traffic. Here, we adopted the idea and used it
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Fig. 10. Comparison of the simulated traffic (lower/green) to the realistic traffic (upper/red), by the fraction

of accumulated traffic transmitted at each second.

Table 4. Correlation of Simulated Traffic with Real Traffic for Single Job

Minimum 1st quartile Median Mean 3rd quartile Maximum
TeraSort 3GB 0.91 0.93 0.94 0.92 0.91 0.92
TeraSort 5GB 0.92 0.93 0.98 0.91 0.93 0.92
TeraSort 11GB 0.92 0.93 0.96 0.94 0.93 0.92

to compare the Hadoop traffic. This is because the same traffic patterns require the same amount
of traffic to be delivered at the same time, which is a high demand on simulation accuracy.

With the same analysis done to the sflow recorded on our testbed, we compare the traffic trans-
missions against each other. As shown in Figure 10, we plotted the accumulated traffic transmission
over time of two jobs: TeraSort 3G and TeraSort 5G. Although the simulated traffic is not as linear
as the real traffic in terms of transmission, they show the same patterns at each second and similar
start/stop time of the traffic.

To quantify the simulation accuracy, we use two metrics to measure the accuracy of simulated
traffic: the correlation and the mean absolute percentage error (MAPE). The correlation can mea-
sure the trend between two transmissions (Simulated vs. Real):

Csr =

∑
end

k=star t
(sk − s̄ ) (rk − r̄ )√∑

end

k=star t
(sk − s̄ )2

∑
end

k=star t
(rk − r̄ )2

, (1)

where k is the time, rk is the fraction of traffic transmitted at time k in the real testbed, and sk is the
fraction of traffic transmitted at time k in the simulation. Due to the randomness in traffic, for each
rk and sk , we use multiple values including minimum, first quartile, median, mean, third quartile,
and maximum from grouped statistics of all experiment batches and compare the correlation,
respectively. Table 4 shows the correlation calculated in each scenario. We can see that all the
correlation is higher than 0.9, which means the simulated traffic is very similar to the real traffic.

To further justify the similarity in the simulated traffic, we use another metric MAPE to measure
the specific distance between two transmissions (Simulated vs. Real):

MAPE =
end∑

k=star t

|rk − sk |
rk

. (2)
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Table 5. MAPE of Simulated Traffic Transmission for Single Job

Minimum 1st quartile Median Mean 3rd quartile Maximum
TeraSort 3GB 0.32 0.11 0.13 0.31 0.16 0.11
TeraSort 5GB 0.56 0.12 0.22 0.28 0.28 0.22
TeraSort 11GB 0.09 0.09 0.14 0.66 0.23 0.21
Kmeans 100k*50 0.1 0.56 0.34 0.63 0.84 0.19
Kmeans 400k*50 0.75 0.13 1.89 >>1 0.32 0.19
Kmeans 1m*50 0.36 0.48 0.26 0.56 1.08 0.36

Fig. 11. Comparison of traffic workload in reality and simulation.

Table 5 shows the MAPE value calculated for TeraSort with different parameters. To gain a better
confidence, apart from TeraSort, we also implemented Kmeans in Keddah and listed the accuracy
in Table 5, too. We can see that for 75% of the time, the MAPE is smaller than 0.5 for most of the
time, which means the difference between simulated traffic and realistic traffic is below 50%. That
said, the simulated traffic successfully regenerates the real traffic with small enough bias.

6.2 Multiple Jobs

Keddah can also simulate multiple job executing within a single cluster. To validate the accuracy
of Keddah, we run a set of TeraSort jobs with a fixed interval of 20s between each job. We execute
these in both the real testbed and the simulator environments and compare the traffic transmission.
Figure 11 shows the comparison of traffic workload between reality and the simulation. We can
see that the simulated workload shows a very similar trend over time.

To quantify this similarity, we perform the same MAPE calculation. The results are shown in
Table 6. The distance between the simulated traffic and the real traffic is below 1 for 15 out of the
20 results (75%), and if we look at the median values of traffic, which is statistically more intuitive,
75% of the time the MAPE is below 0.2. Thus, we consider the difference small enough to generate
valid Hadoop traffic from the simulation process.

7 USE CASES

The goal behind Keddah is to allow researchers to evaluate network innovations under realis-
tic application-layer Hadoop traffic. These include innovations such as novel data-centre topolo-
gies, queuing mechanisms, routing protocols, or congestion-control algorithms. In this section, we
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Table 6. MAPE of Simulated Traffic Transmission for Workload Consists of Multiple Jobs

Minimum 1st quartile Median Mean 3rd quartile Maximum
TeraSort 3GB x 3 0.77 0.38 0.09 >>1 0.98 0.98
TeraSort 3GB x 5 0.25 0.13 0.10 >>1 1.02 0.56
Kmeans 100k*50 x 5 0.89 0.67 0.16 0.12 0.90 0.78
(TeraSort + Kmeans) x 5 0.87 0.49 0.78 >>1 1.12 0.72

Table 7. Experiment Traffic Model Parameters

Name Description Value

n cluster size
⎧⎪⎪⎨
⎪⎪
⎩

FatTree : 64
CamCube : 64
DCell : 42

b mapred.max.split.size 128MB
s TeraSort file size 3GB

clusters Number of Kmeans clusters 50
samples Number of Kmeans samples 50K

demonstrate how Keddah can be used in profiling different network topologies and TCP protocol
flavours.

7.1 Base Setup

The workload we generate consists of an equal number of TeraSort (3G dataset) and Kmeans (50
cluster and 50K samples) jobs, launched in a random sequence. The job parameters can be tuned
for better flexibility, but we use a fixed job setup as shown in Table 7 for testing purposes. We
perform sensitivity analysis across the load by selecting different parameters for the job arrival
process, modelled using an exponential distribution.

7.2 Evaluating Network Topologies

A number of novel data-centre topologies have been proposed in recent years, e.g., FatTree [2],
Dcell [11], and Camcube [6]. Thus, researchers developing such topologies are required to eval-
uate the performance of applications (like Hadoop) operating over them. Previously, people have
studied datacentre topologies to see how the network changes as the data centre scales up [32].
However, doing so requires flexible environments (e.g., simulations) that can easily vary these
scale parameters. Keddah offers a powerful tool for such experiments.

Topology design involves a number of considerations, including performance, reliability, scal-
ability, security, and cost, among which, the performance is usually evaluated by the throughput,
packet loss, and latency (under various traffic loads). However, for tractability, only few types of
traffic are typically used in real setups [15]. Thus, simulation methodologies are often used [4, 8,
14, 19] to investigate the network performance. Even so, the traffic is still so important, because
the performance of certain topologies may vary across different workloads and application
behaviours [4, 15].

To highlight the efficacy of Keddah, we next present experiments exploring the performance
of various data-centre topologies with Hadoop traffic. The topologies are FatTree [2], Dcell [11],
and Camcube [6], as these three are very typical network topologies (representative of clos, star,
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Fig. 12. (a) Comparison of the average throughput of three topologies in different workloads. The same result

can be found from previous work. (b) Comparison of the packet dropped in three different topologies.

and torus). The topology instances we use in the experiments are FatTree (8x8), CamCube (4),
and DCell (2,2) which contain 64, 64, and 42 nodes, respectively. Of course, Keddah could operate
within any configuration the experimenter wishes.

Figure 12(a) shows the throughput measured from all three topologies under different work-
loads. Each instance is run over 100 times so a range of measures is presented. We can see that,
from the throughput point of view, topology is a determinate factor rather than workload inten-
sity: DCell can achieve 10× high throughput than CamCube and nearly 50× more than FatTree.
Though the difference is getting smaller with low-intensity workloads, DCell still holds more ad-
vantages than CamCube and FatTree. It is worth noting that the throughput result shown in our
simulation matches the result of work [4, 15] in terms of the all-to-all or random selected traffic
matrix.

Moreover, we also evaluate the packet loss over various workloads. Figure 12(b) shows the per-
centage of packet lost compared to the total traffic delivered in FatTree. Strangely, though the figure
is floating within a certain range, the percentage of packet lost is increased when the workload
intensity decreases. We failed to find any previous study on this as reference.

7.3 TCP vs DCTCP

Our next experiment explores the performance benefits of DCTCP—a flavour of TCP specifically
designed for use in data centres. Unlike the traffic patterns that DCTCP was originally evaluated
using, we have found that Hadoop generates many short flows with high burstiness. We use the
DCTCP implementation in ns33 and RED queues with a marking threshold at 100 and 40 packets,
respectively. The workload consists of TeraSort and Kmeans jobs, running on the FatTree and
CamCube.

We compare the performance achieved by TCP NewReno against DCTCP with various topolo-
gies and workload intensities. Figure 13 shows the throughput and packet loss measured for Fat-
Tree and CamCube under various workloads. Again, as each experiment is run over 100 times, the
measure is shown as a range.

We found that DCTCP, indeed, attains improved throughput; however, it depends on the type
of topology. As shown in Figure 13(a), DCTCP increased the throughput beyond TCP NewReno
by between 1% and 14% (best case was under a heavy workload, where TCP NewReno performed
poorly). However, when it comes to CamCube, as shown in Figure 13(b), the throughput of normal

3https://github.com/i-maravic/ns-3.
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Fig. 13. TCP vs DCTCP using Hadoop workload.

TCP can be higher than the DCTCP, especially when the workload is high intensity. In terms of
packet loss, as shown in Figure 13(c), DCTCP achieves a lower packet loss across all workloads
around 0.25%, whereas for TCP NewReno it is around 0.45%. We also note that the packet loss is
particularly lower during heavy workloads.

In conclusion, we have shown two examples of how researchers might use Keddah to profile
network innovations in Hadoop cluster, i.e., novel topologies and protocols. Previously, due to the
limited experimental methods and traffic generators, people could not investigate how Hadoop
might interact with the network via simulations. However, as the two examples have highlighted,
Keddah allows researchers to explore their network-level innovations with realistic Hadoop traffic
running over them. We emphasise that this is not meant as an exhaustive list of experiments that
Keddah supports—simply two exemplars of what Keddah can support.

8 RELATED WORK

Various studies have looked at Hadoop workloads primarily for the purposes of cluster bench-
marking (e.g., comparing job completion times across clusters). Hadoop provides a number of
benchmarking tools. TeraSort [28], later standardised as TPCx-HS [25], is the most popular
benchmarking job for cluster comparison. There are also more diverse Hadoop benchmarking
projects such as the Big Data benchmark [29] and HiBench [13]. These provide a more diverse
set of Big Data processing use-cases, such as machine learning or graph processing (e.g., HiBench
uses Pegasus [17] to benchmark PageRank).

Just a small number of studies have investigated the network behaviour of mainstream “Big
Data” platforms such as Hadoop. For instance, Reference [27] discusses the performance of Spark,
finding that job completion time can be reduced by only 2% through network improvements. A
more recent article [24] pointed out that these results are partially an artifact of specific plat-
form optimisations of Spark (namely, heavy data replication to avoid network traffic). In contrast,
they found that PageRank jobs can be improved by up to 3× by increasing the network capacity
from 1Gbps to 10Gbps. Other works have tried to improve Hadoop performance by, for example,
performing aggregation on network devices in the cluster [22]. These works have confirmed the
vital role of the network in the performance of distributed processing platforms such as Hadoop
MapReduce.

There are few studies that investigate the behaviour and role of the network in Hadoop jobs.
Previous works on Hadoop workloads mainly focus on the resource scheduling, including task
prediction [12, 20, 40], computation resources (CPU, memory, storage [39]), and computation time
prediction [33, 36]. In general, the simulation approach has been widely used when studying the
performance of distributed systems [8, 40]. However, none of these works can provide any solution
for network-related evaluations, such as network traffic characterization, network performance
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evaluation, or network resource management. Though some work has addressed the importance
of networking in distributed systems [8, 19, 31], the attention on the network aspect has not al-
ways been enough. Recently, researchers have developed traffic modelling tools for Hadoop [38];
however, these tools cannot precisely reflect Hadoop behaviour given that resource scheduling is
not considered [7].

These tools also do not provide any flexibility in changing the network components to evaluate
with different Hadoop traffic [38]. To the best of our knowledge, we are the first to provide a
standard simulation environment to profile networking performance for Hadoop.

9 CONCLUSION

We have presented a methodology and tool for capturing the traffic of Hadoop jobs to generate
traffic workloads for network simulations. Our empirical measurements show how different jobs
have unique traffic patterns. We have also characterised the effect of cluster and job parameters in
the generated traffic, as well as the random variance observed in different job executions. Keddah
uses the captured information to generate traffic workloads parametrised to the main characteris-
tics of the job and the dataset.

Keddah greatly simplifies the simulation of Big Data workloads, which we believe can help with
the initial evaluation of data-centre network research initiatives. We have shown in this article how
the integration with a network simulator enables researchers to evaluate very different network
components such as data-centre topologies and congestion control protocol variants with respect
to the workload of a distributed data-processing job.

While Keddah only supports Hadoop MapReduce workloads, we demonstrate how it can be
applied to different execution flows, ranging from single map-only jobs to iterative computations.
The methodology we followed for capturing traffic would also be adaptable to other distributed
data-processing platforms that follow Valiant’s Bulk Synchronous Parallel computing model [34]
(including systems such as Spark [41] and Pregel [23]). We intend to extend Keddah to additional
distributed processing frameworks as future work.

APPENDIX

A TERASORT TRAFFIC DISTRIBUTION EXAMPLE

Here, we list the traffic distributions found for the TeraSort job with different input sizes in Table 8.
The distributions are extracted from a 400-run sample, through maximum-likelihood estimation
in R and evaluated by the Kolmogorov-Smirnov test. By generating the traffic with parameters
following the same distribution, we can reproduce the Hadoop job traffic in simulator.
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