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ABSTRACT

Keywords

Building energy-efficient systems is critical for big data applications. This paper investigates and compares the energy
consumption and the execution time of a typical Hadoopbased big data application running on a traditional Xeonbased cluster and an Atom-based (Micro-server) cluster. Our
experimental results show that the micro-server platform is
more energy-efficient than the Xeon-based platform. Our
experimental results also reveal that data compression and
decompression accounts for a considerable percentage of the
total execution time. More precisely, data compression/ decompression occupies 7-11% of the execution time of the map
tasks and 37.9-41.2% of the execution time of the reduce
tasks. Based on our findings, we demonstrate the necessity
of using a heterogeneous architecture for energy-efficient big
data processing. The desired architecture takes the advantages of both micro-server processors and hardware compression/ decompression accelerators. In addition, we propose
a mechanism that enables the accelerators to perform more
efficient data compression/decompression.

Energy-efficient, Big Data, Performance

Categories and Subject Descriptors
C.0 [Computer Systems Organization]: General-Systems
architectures

General Terms
Measurement, Experimentation, Performance
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1.

INTRODUCTION

Big data becomes ubiquitous in today’s information-based
society where massive data sets are being produced at unprecedented rates, especially with the rapid growth of the
number of devices connected to the Internet. IDC predicted
that the amount of digital information created and replicated in a year are growing by a factor of 44, which means
there will be about 35 Zetta Bytes generated in 2020 [5].
The deluge of data poses makes it extremely difficult to handle big data efficiently. Three of the most significant issues
for processing big data are energy consumption, operation
(analysis, query etc.) latency and throughput, and storing
capacity. Various efforts have been made in attempts to
overcome these obstacles [6, 12].
Recently, the concept of Micro-Server was proposed as
one of the solutions to address the energy-saving requirement of big data centers [17, 21, 20]. Some researchers have
suggested the use of low-power, low-frequency, simple, even
“wimpy” processors as the computing nodes instead of highperformance and “giant” CPUs, like Intel Xeon [7], in data
centers. In addition, several industrial vendors like Intel
and ARM have announced their low-power processors for
energy-efficient server systems. However, much remains to
be done to explore the practicality of using “wimpy” CPUs,
like Intel’s Atom, in data center servers.
This paper presents the initial findings in our study of
the conventional servers with high-performance CPUs and
the micro-servers with low-performance CPUs. Our studies uses MapReduce and Hadoop as the testing benchmarks. MapReduce [13] is one of the most popular programming models for processing large data sets and Hadoop [2]
is Apache’s free and open source implementation of MapReduce. Our tests reveals that Hadoop can be both timeconsuming and storage-consuming. The storage requirement

of Hadoop is extraordinarily high because it can generate
a large amount of intermediate data. To reduce the requirment on the storage capacity, Hadoop often compresses
data before storing it. In addition, while Hadoop and other
conventional databases tend to store a large volume of data
in the row-order, some big data platforms (such as Monet [4],
RCFile [23], CStore/Vertica [22] and Mastiff [15]) tend to store data in the column order, for faster partial information
retrieval. In addition, storing data in the column-order also allows better data compression rates, because data items
with the same property are stored near each other.
The use of data compression raises a number of questions
for the server designers: whether the computing nodes can
meet the computing requirement of the data compressing
and decompressing operations; how important is the performance of the compression/decompression operations to
the overall execution time; and whether it makes sense to
integrate compression/decompression accelerators onto the
systems to release the main processors from doing data compression and decompression, especially when the main processors are “wimpy” CPUs and do not have strong computing
capability.
In this paper, we intend to answer these questions by investigating a few server systems with different processors
running real applications. In particular, we run a typical
big data scenario, called Mastiff (a locally-developed extension of Hadoop with column-store mechanism, more details
in next chapter), on two comparable clusters. One cluster is
based on high-performance Xeon processors, while the other
one is based on low-power Atom processors. Through measuring the energy consumption and breakdown of the execution time of Mastiff on the two clusters, we come up with the
following main findings: (1) Atom cluster is more energyefficient; (2) data compression and decompression takes a
significant percentage of the total execution time; (3) the
characteristics of data compression and decompression operations have a common streaming pattern with multiple
interleave. Motivated by these findings, we propose a heterogeneous architecture for big data applications.
The paper is structured as follows. Section II presents
background and Section III shows the evaluation methodology. Section IV gives our experimental results and the
experiences and findings from running Mastiff on the two
clusters. A new architecture design motivated by the findings is proposed in Section V. Finally, we compare our work
with others and conclude this paper.

2. TARGETED APPLICATION SCENARIO
: MASTIFF
Mastiff is chosen as our targeted application, because it
is a typical representative of big data processing engine and
can run with real production workloads with the columnmajor store policy [15].

Table 1: Compression ratio comparisons between
Mastiff and native Hadoop HDFS. (The lower the
better)

Mastiff
Hadoop HDFS

Compression
ratio on
3GB data
0.54
0.72

Compression
ratio on
100GB data
0.53
0.71

Compression
ratio on
500GB data
0.518
0.7
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As a typical management system for big data, Mastiff implements an efficient column-major data storage layer based
on Hadoop framework which provides the scalability of data processing and a scalable fault-tolerance Distributed File
System (HDFS). With the column-major storage policy, data items with the same property are aggregated consecutively. Therefore, data compression has a better opportunity to get a much better compression ratio, which consequently could lead to more efficient I/O transactions. We
compare the compession efficiency between Mastiff and the
native Hadoop HDFS that uses the row-major policy, with
the same Lempel-Ziv-Oberhumer (LZO) compression algorithm. Table 1 shows that the compression ratio of Mastiff
is better than that of the native Hadoop HDFS in all three
test cases.

Figure 1: Mastiff working flow
To better understand Mastiff, Figure 1 describes its workflow. Mastiff composes of a Map phase and a Reduce phase.
The Map function processes the data in the unit of !key, value"
pair, and generates a set of intermediate !key, value" pairs.
Such intermediate data are then shuffled over the network
to the Reduce nodes, whose Reduce function emits a final
set of !key, value" pairs.
It can be observed that compression and decompression
are widely used in the major workflow of Mastiff(marked as
red color in Figure 1). As shown in Figure 1(a), the Map
phase of Mastiff adopts multi-level compression mechanism. The application level compression (MapComp) is firstly
invoked, once the size of the raw output data reaches a prespecified threshold (depended on the compression algorithm,
the default value is often slightly larger than a “page”. In
our studies, a page in Mastiff is 128K bytes). Compressed
data is stored in the internal memory buffer. When the
content in the internal buffer reaches specified size (such as
80% of the buffer capacity), the second-round compression is
triggered (SpillComp). In addition, a third round compression (MergeComp) may be performed before the final output
of the Map phase is written to the disk. Figure 1(b) shows
that the Reduce task includes three major sub-phases: copy,
merge, and reduce. Decompression is immediately needed
after the data of the same partition is loaded from multiple
remote nodes in the copy sub-phase. When all the map outputs have been copied and decompressed, the reduce task

moves into the merge phase. After the merge, the output is
compressed again and written directly to the underlying file
system.

3. METHODOLOGY

4.

Table 2: Hardware and software configurations.
Atom cluster
Xeon cluster
Model

Chassis

Size

CPU
Node
Chipset
Memory
Disk
Network
Power
module
OS
Software

31 nodes
SuperCloud
SC-R6280
2U with 8 nodes
Intel Atom D525
(2 Cores/4 Threads/
1.8 GHz/1M L2
cache/13W
Max TDP)

Dawning I610r-H

2*2GB DDR3
Non-ECC 800MHz
SO-DIMM
500GB SATA
5400RPM
2*Intel 82574L
Gigabit Ethernet
720W (1+1) backup

520W

Intel ICH9R Chipset

In this section, we present the power and performance
numbers of Mastiff on both the Xeon-based cluster and the
Atom-based cluster and other interesting behaviors we have
observed.

31 nodes

1U with 1 node
Intel Xeon E5310
(4 Cores/4 Threads/
1.6 GHz/8M L2
cache/80W
Max TDP)
Intel 5100+ICH9R
Chipset
2*2GB FBD
DDR2 667MHz
ECC
1TB SATA
7200RPM
2*Intel 82573E
Gigabit Ethernet

POWER AND PERFORMANCE EVALUATION

4.1

Power and performance measurement
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AtomCluster

XeonCluster

9
8
EnergyConsumption(KWh)

Number of Nodes

results indicate the variance among different runs and different nodes are small. Nevertheless, we are installing more
power meters into the systems to monitor each node and
each network router.

CentOS release 5.5 Final
(Linux Kernel: 2.6.18-194.el5 x86-64)
JDK1.6.0-16, Hadoop 0.20.2,
Mastiff-0.1.2, Hive-0.5.0

7
6
5
4
3
2
1
0
Load

Our testing infrastructure includes two clusters, a HPC
cluster with 32 Xeon-based nodes, and a Micro-Server cluster with 32 Atom-based nodes. The former represents high
performance systems common deployed in the data centers
and the latter represents low power systems being suggested
today for more energy efficient data centers. Table 2 summarizes the major setting of these two clusters. One node in
each cluster plays the role of the master nodes, which is in
charge of recording metadata and managing tasks, including
dispatching tasks to other nodes. The other nodes, named
as slave nodes, are used to run dispatched tasks. The nodes
within each cluster are connected through a 1Gbps Ethernet
switch with 32 ports.
Mastiff is evaluated via using TPC-H benchmark [1]. A
synthetic dataset with 1 Terabytes size is generated for evaluation. Every job is executed three times to compute
the average result. The two scenarios we choose are data
load and data query(TPC-H Query 6), which are the major
operations in data flow management system.
A Fluke NORMA 4000 power meter equipment is used
for our power and energy measurement. The power meter is
attached to the wall socket of the slave nodes in our clusters. Due to the fact we do not have enough power meters to
monitor all nodes in each cluster and our current study does
not measure the power consumed by the network routers,
we have to make two methodological simplifications in our
initial study. First, power of network router is evenly counted towards to each node. Second, the energy consumption
of each node in a cluster is similar. The results presented in
this paper is based on the measurement of one slave node. A
test is run multiple times. The median value of the resulting
multiple measurements is reported in this paper. The initial
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Query

Figure 2: Total energy consumption comparison between a 30-node Atom cluster and a 30-node Xeon
cluster

Table 3: Execution time comparison for different
clusters with different scale.
Data Load
Data Query

Time on
Atom Cluster
(30 nodes)
3.435 hours
5.877 hours

Time on
Xeon Cluster
(30 nodes)
1.543 hours
2.724 hours

Time on
Xeon Cluster
(15 nodes)
3.242 hours
5.564 hours

First of all, we compare the power consumption and performance of these two kinds of cluster with the same number of nodes (31 nodes), the same workload (Data load and
query in Mastiff) and the same input data (1 Terabytes data). Table 3 shows the performance results and Figure 2
illustrates the energy consumption. The figure shows that,
for both data load and data query operations, the energy
consumption of Atom-based cluster is only around 50% of
that of Xeon-based cluster. However, more detailed analysis reveals that the execution time of Atom-based cluster is
twice of that of the Xeon-based cluster. It is a classical case
of trading execution time for energy.
To make a comparison with the same number of cores,
we scale down the size of the Xeon-based cluster to 16 nodes (15 slaves and 1 master) but keeps the Atom-based
cluster the same. From table 3, we can observe that the
execution time of the two clusters is similar. It should be
pointed that the energy consumption of Atom-based cluster

Overall, data compression operation takes 11% of the execution time of the Map phase on Atom-based cluster and 7%
on Xeon-based cluster.

6
AtomCluster

XeonCluster
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4
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3
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Figure 3: Total energy consumption comparison between a 30-node Atom cluster and a 15-node Xeon
cluster
is still around 50% of that of Xeon-based cluster (Figure 3).
Which means, in order to complete one job, although the
size of Atom-based cluster is 2X than Xeon-based cluster,
the energy consumption is still 0.5X of that of Xeon-based
cluster. As a result, we think Atom-based cluster is more
energy efficient than Xeon-based cluster.

4.2 Execution time breakdown
100%
90%
80%

TimeRatio

70%

AtomLoad
ReduceWrite

50%

30%
20%
10%
0%

MapComp

XeonLoad
SpillComp

AtomQuery

MergeComp

Sort

XeonQuery
SpillWrite

AtomQuery XeonQuery

Merge

CopyRead

CopyDecomp

Figure 5 depicts the execution breakdown of the Reduce
phase. In this case, most of the time is spent in the Hadoop
framework instead of the application-level reduce task. As
in the Map Phase, compression/decompression operations
occupy significant percentages of the execution time for all
test cases. For example, for the data load job on the Atombased cluster, compression occupies 12.8% and decompression occupies 28.4% of the reduce phase. For data query,
decompression takes 38.4%. For Xeon cluster, the numbers
are 8.1%, 29.8% and 37.9% respectively.

Stream working mode for compression and
decompression operation

An in-depth code analysis of both Mastiff and Hadoop
implementation reveals that there is one common streaming
pattern for the compression and decompression operations.
In particular, these compression and decompression operate
at the granularity of a single or a group of !key, value" pairs,
instead of all !key, value" pairs. The major reason behind
this mechanism is due to the widely-used software pipeline
implementation in Mastiff and Hadoop. Using the reduce
phase of Hadoop as an example, Hadoop immediately starts
decompression just after compressed data is loaded from remote nodes. If decompression had started until all the data
have become available, it would have had the concurrency.
As an optimization, decompression is triggered once a single
or a group of !key, value" pairs have been loaded.

40%

AtomLoad

XeonLoad

ReduceComp

Figure 5: Time breakdown in Reduce phase

4.3

60%

MapFunc

0%

MergeWrite

Figure 4: Time breakdown in Map phase
In order to figure out the bottleneck of Mastiff, we break
down the execution of two major processing phases (map
and reduce phase). Figure 4 shows the execution breakdown
of the Map phase. Most of the time is spent on the application level task (map task itself) instead of the Hadoop
framework. Data compression takes a significant amount of time. In particular, data compression is included in
both the map task and the Hadoop framework (MapComp
in Mapper task, SpillComp in the sort and spill sub-phase).
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4.4

Summary

This section summarizes the insights we obtained from
above analysis.
1. The Atom platform is more power efficient than the
Xeon platform;
2. Data compression and decompression occupies a significant percentage of the total execution. More precisely,

it takes 7%-11% of the execution time to decompress
the data in the map phase, and 37.9%-41.2% of the
execution time to compress then decompress the data
in the reduce phase;
3. Data compression and decompression are typically done
in the software pipeline fashion;
4. It is common for Hadoop to run multiple map and reduce tasks on the same processor, each of which usually contains compression or/and decompression operations.

5. ENERGY EFFICIENT ARCHITECTURE
FOR BIG DATA

processor [14] and RMI XLP processors [18]. The maturity
of compression/decompression accelerators makes it easy to
incorporate them in servers optimized for big data.
As shown in Figure 6, there are at least two common options to implement such heterogeneous designs. One option
is through the PCIe based acceleration card, and the other
is through on-chip accelerators. The first option is easily
doable with the existing commercial systems. The second
one requires redesigning processor chips, a much higher investment and a more fundamental change.

5.2

Desired features of compression and decompression accelerator

Motivated by the outcome from the analysis of Hadoop
applications, this section proposes a new energy efficient architecture for big data applications.

Figure 7: Multiple interleaved compression or decompression tasks

Figure 6: Off-chip and on-chip accelerator implementations

5.1 Heterogeneous architecture: Low-power
cores with hardware accelerators
Our experiments show that Atom platform is more power efficient than Xeon platform. Although such observation may not be generalized for every kind of applications,
Hadoop is one of the most frequently used applications today
and is a good representative of big data processing. Consequently, our energy-efficient architeture exploration starts
with a low power processor.
Considering the fact that data compression/decompression
accounts for a considerable fraction of the total execution
time, we propose a heterogeneous architecture which can offload data compression and decompression operations from
the general-purpose processors to the special hardware accelerators. By implementing certain special operations in hardware, an hardware accelerator can perform the special operations much faster and more efficiently than general-purposes
architectures. Typically, an accelerator can improve performance and energy efficiency by orders of magnitude over a
general-purpose core. As a matter of fact, various heterogeneous architectures have been adopted in commercial products. For example, compression and decompression accelerator can be found in IBM Z10 processor [24], IBM PowerEN

38

Traditional compression or decompression accelerator works on one block of data at a time and processing of different
data blocks do not share any state. This kind of processing is
referred as stateless. Due to the limited size of a data block,
the efficiency of the stateless compression/decompression
operation is correspondingly limited. On the other hand,
the upper-level application tasks works in much large data sets within the context of Hadoop and Mastiff, albeit
in a software pipeline mode. The efficiency of compression/decompression could be greatly improved if the accelerator can work in longer data streams. Thus, we hereby
propose to enable the accelerator to support so-called stateful processing.
As shown in Figure 7, one input data stream to be compressed or decompressed is usually composed of many subblocks. Compared to stateless accelerators, stateful accelerators do not need to wait for all the sub-blocks of the whole
data stream to be ready. The software can issue accelerator
request for each sub-block once it is available. The accelerator then starts processing data once it receives a request of
a sub-block. Such stateful working mode can lead to higher
performance and better power efficiency. To support stateful
operation, the accelerator has to maintain a context for each
sub-block request associated with the same data stream. Yu
et al. proposed a similar design for a stateful decompression
accelerator with the networking processing [25].
We further observed that Hadoop usually allocates multiple map and reduce tasks on the same node at the same

time, and the number of software tasks are larger than the
number of hardware threads. It implies that multiple software tasks may share the same stateful hardware accelerator, while each task issues multiple accelerator requests for
processing one big data stream. The interleaving of accelerator requests from different tasks will lead to frequent context
switches within an accelerator, causing considerable performance loss. Therefore, an accelerator with stateful operation mode should either support efficient context switching
or reduce the number of context switches when processing
interleaved requests. Such optimizations have been proposed
in other contexts and can be adopted into architectures discussed here. For example, X.T. Chang et al. have proposed
and evaluated dynamic reordering of the requests of different
streams in a hybrid on-chip/memory based request queue in
order to reduce the associated overhead [8]. Such feature
is important for an accelerator optimized for Hadoop-like
applications.
Another critical factor affecting the acceleration speed is
the efficiency of data communication. In the case of PCIE based accelerator card implementation, advanced DMA
mechanism would be valuable for improving the performance
of accelerators. And for on-chip accelerators, direct cache
access and advanced cache coherence protocols can be adopted to avoid unnecessary off-chip data communication and
improve data access latency. For example, R. Hou et al.
have proposed handshake-sharing cache coherence protocol
to support efficient data transfer of on-chip accelerators [16].

6. RELATED WORK

and an Atom-based cluster. Our experimental results show
that the Atom-based server is more energy-efficient than the
Xeon-based platform for the application under test. In addition, we have identified that data compression and decompression can be major bottlenecks in such applications.
Inspired by the result of our investigation, we demonstrate
the necessity of using energy efficient heterogeneous architectures for big data applications. An ideal big data server should include both low-power processors and hardware
compression/decompression accelerators. In this paper, we
briefly discuss the difference between off-chip accelerators
and on-chip accelerators. Furthermore, we qualitatively discuss the potential benefit of supporting stateful compression/decompression within the accelerators.
Much more work remains to be done to fully understand
the advantages and disadvantages of conventional high-performance
servers and emerging energy-efficient micro servers. Some of
our future work includes exploring a large set of applications,
performing more fine-grained power measurements, investigating other types of platforms such as ARM-based clusters,
as well as proposing a complete system design for big data
applications.

8.

9.

Building an energy-efficient architecture or system for big
data has received growing attention from both industry and
academia. It would be impossible to comprehensively review
the existing literature in this section, so we only focus on
research projects which are most relevant to our work.
Some other researchers have noticed that low-power processors are potential candidates for the computing elements
of an energy-efficient big data system. In particular, Andersen et al. propose a cluster architecture that consists
of a large number of slow, low-power embedded processors
(AMD Geode LX or Intel Atom) coupled with CompactFlash or SATA-based Flash storage [3]. The resulting system is more energy-efficient in terms of queries per Joule
than conventional disk-based systems for several I/O intensive workloads. Gordon [7] demonstrate similar findings.
Chun et al. propose a way to lower energy consumption in data centers through exploring the potential of hybrid designs that combine low-power platforms with highperformance platforms [11]. Reddi et al. evaluate Microsoft
Bing web search engine on both Xeon and Atom processors [19].
Chen et al. instrument a Hadoop cluster with a power
meter to explore configuration effects on power and energy
consumption [10]. Based on their findings, they propose a
new decision algorithm that helps MapReduce users identify
when and where to use compression. The decision is based
on the analysis of I/O tradeoffs for energy efficiency [9].

7. CONCLUSION AND FUTURE WORK
In this paper, we investigate and compare the energy consumption and the execution time of a Hadoop-based big data processing application running on a Xeon-based cluster
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