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Abstract—While the capability of computing systems has been increasing at Moore's Law, the amount of digital data has been 
increasing even faster.  There is a growing need for systems that can manage and analyze very large datasets, preferably on 
shared-nothing commodity systems due to their low expense. In this paper we describe the design and implementation of a 
distributed file system called Sector and an associated programming framework called Sphere that processes the data 
managed by Sector in parallel.  Sphere is designed so that the processing of data can be done in place over the data whenever 
possible.   Sometimes this is called data locality.  We describe the directives Sphere supports to improve data locality.  In our 
experimental studies, the Sector/Sphere system has consistently performed about 2 – 4 times faster than Hadoop, the most 
popular system for processing very large datasets. 
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1 INTRODUCTION

nstruments that generate data have increased their ca-
pability following Moore’s Law, just as computers have.  
Yet there is still a growing gap between the amount of 

data that is being produced and the capability of current 
systems to store and analyze this data. 

As an example, the current generation of high 
throughput genomic sequencers now produce 1 TB of 
data per run, and the next generation of sequencers will 
produce datasets that are 10 TB or larger per run. A se-
quencing center might have several such systems, with 
each producing a run or more per week. 

Datasets that are hundreds of TBs or more are growing 
more common. A current rack of commodity computers 
might contain 32 computers, with each computer contain-
ing four 1 TB disks. The challenge is to develop a frame-
work to support data intensive computing that provides 
persistent storage for large datasets (that require multiple 
racks to store) as well as balanced computing so that this 
persistent data can be analyzed.    

To put it another way, platforms for data intensive 
computing must provide persistent storage that spans 
hundreds to thousands of disks and provide balanced 
computing so that this persistent data can be analyzed. 
While there are scalable file systems (e.g., Lustre, GPFS, 
PVFS, etc.), data processing schedulers (Condor, LSF, etc.) 
and frameworks (MPI, etc.), few integrate storage and 

processing together as is required for data intensive com-
puting. 

The reason that it is so important to tightly integrate 
the storage system and the processing system is because 
data locality is one of the fundamental principles underly-
ing the efficient processing of very large datasets. The 
requirement that all the data in a computation pass 
through a single central location (or several such locations) 
can be so costly that it can reduce performance by several 
orders of magnitude. For example, a 1000-node system 
would require aggregate data IO speed at TB/s in order 
to achieve an average performance per node comparable 
to a single node with internal disks. 

Supercomputer systems, as they are generally dep-
loyed, store data in external storage (RAID, SAN, NAS, 
etc.), transfer the data to the supercomputer, and then 
transfer any output files back to the storage system. The 
data transfer channel between the external storage system 
and the supercomputer is often a very serious bottleneck. 

In contrast, Google has developed a proprietary sto-
rage system called the Google File System (GFS) [5] and 
an associated processing system called MapReduce [4] 
that has very successfully integrated large-scale storage 
and data processing. 

MapReduce was not intended as a general framework 
for parallel computing. Instead, it is designed to make it 
very simple to write parallel programs for certain applica-
tions, such as those that involve web or log data. One of 
the questions that interest us in this paper is whether 
there are other parallel programming frameworks that are 
just as easy to use as MapReduce and also applicable for 
more general classes of problems or for different classes 
of problems. 
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Hadoop [17] is an open source implementation of the 
GFS/MapReduce design. It is now the dominant open 
source platform for distributed data storage and parallel 
data processing over commodity servers. While Hadoop’s 
performance is very impressive, there are still technical 
challenges that need to be addressed in order to improve 
its performance and increase its applicability. 

During the last four years, we have designed and im-
plemented a scalable storage system called Sector and a 
parallel data processing framework called Sphere.  Initial-
ly, we were not aware of the GFS/MapReduce system 
and, although there are some similarities between 
GFS/MapReduce and Sector/Sphere, there are also some 
important differences. Unlike GFS and traditional file 
systems, Sector is an application-aware file system and it 
can organize files in a way to support efficient data 
processing. Unlike MapReduce, Sphere allows arbitrary 
user-defined functions (UDFs) to process independent 
data segments in parallel.  A Sector/Sphere segment may 
be a record, a group of records, a file, or a directory. 

Previously, we have described the design of version 
1.0 of Sector and Sphere [9].  Based upon our experiences 
with Sector and Sphere, we have made significant 
changes to these systems.  This paper is about these 
changes: we describe the approach to data locality in ver-
sion 2.0 of Sector, and Sphere’s new approach to schedul-
ing, load balancing, and fault tolerance.   

 Version 1.0 of the Sector file system was designed for 
wide area data storage and distribution [9].  Sector ver-
sion 2.0 supports new mechanisms for fine tuning data 
placement to improve data locality so that data can be 
processed more efficiently by Sphere. Version 2.0 of 
Sphere can now support multiple inputs/outputs, mul-
tiple UDFs, and different ways of composing them.  
Sphere’s load balancing and fault tolerance have also 
been enhanced with new features. 

We start with a brief description of the Sector/Sphere 
system architecture in Section 2. We explain the applica-
tion-aware features of Sector in Section 3 and describe the 
Sphere data processing framework in Section 4. We de-
scribe the results from our most recent experimental stu-
dies in Section 5. Related work is discussed in Section 6. 
The paper is concluded in Section 7 with a brief look at 
future work. 

2 SECTOR/SPHERE SYSTEM ARCHITECTURE 
In this section we briefly describe the Sector/Sphere system. 
A more detailed description can be found in [9].  In this sec-
tion, we also discuss several features of the current version 
(version 2.3) of Sector/Sphere that were not present in the 
earlier version (version 1.20) described in [9]. 

Sector is a distributed file system (DFS) and Sphere is a 
parallel data processing system designed to work with 
data managed by Sector. In contrast to most traditional 
distributed file systems that rely on hardware to provide 

fault tolerance, Sector implements fault tolerance by en-
suring that there are always a (user specified) number of 
replicas of the data available in the file system and mak-
ing sure that the replicas are consistent. With this ap-
proach, Sector can be installed on less expensive com-
modity hardware. Sector does not implement a native file 
system itself, but instead relies on the local file systems 
that are on each of the nodes. In fact, the local storage on 
each node need not be a file system service, but instead 
can be a database service, a memory-based service, etc.  
All that is needed is a Sector driver for the service. 

Sector automatically replicates files to different nodes 
to provide high reliability and availability. In addition, 
this strategy favors read-intensive scenarios since clients 
can read from different replicas. Of course, write opera-
tions are slower since they require synchronization be-
tween all the replicas. 

Sector can also be deployed over wide area networks. 
Sector is aware of the network topology when it places 
replicas. This means that a Sector client can choose the 
nearest replica to improve performance. In this sense, 
Sector can be viewed as a content delivery system [10]. 
For example, Sector is used to store and distribute bulk 
downloads of the Sloan Digital Sky Survey. 

Sphere is a data processing system that is tightly 
coupled with Sector.  Because of this coupling, Sector and 
Sphere can make intelligent decisions about job schedul-
ing and data location. This is quite different than most 
distributed file systems that are not coupled to distri-
buted data processing systems. 

Sphere provides a programming framework that de-
velopers can use to process data stored in Sector. Sphere 
allows a user defined function (UDF) to run on various 
granularities of data managed by Sector. Specifically, 
Sphere can process a Sector record, a block of Sector 
records, a file, or a directory of files.  Note that this model 
is different than the model used by grid job schedulers 
(such as Condor and LSF) and distributed programming 
primitives (such as MPI and PVM), both of which are in-
dependent of the underlying file system. Most grid sche-
dulers manage tasks or jobs, while Sphere's job schedul-
ing is tightly coupled with data. 

Figure 1 illustrates the architecture of Sector. For sim-
plicity, in the rest of this paper, we use the term Sector to 
refer to Sector/Sphere. Sector contains one security server 
that is responsible for authenticating master servers, slave 
nodes, and users. The security server can be configured to 
retrieve this information from various sources (such as 
from a file, database, or LDAP service). 
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Figure 1. Sector/Sphere system architecture. The Sector system 
consists of a security server, one or more master servers, and one or 
more slave nodes. Sector assumes that the master and slaves are 
connected with a high-speed network. 

One or more master servers can be started (only one 
master server was supported in version 1.0 of Sector). The 
master servers are responsible for maintaining the meta-
data of the storage system and for scheduling requests 
from users. All Sector masters are active and can be in-
serted or removed at run time. The system load is ba-
lanced between the various master servers. Details of me-
tadata synchronization, distributed locking, and load ba-
lancing between the masters are beyond the scope of this 
paper and we will focus on the data processing frame-
work and support from the storage layer. 

The slave nodes are the computers that actually store 
and process the data. Sector assumes that the slaves are 
racks of commodity computers that have internal disks or 
are connected to external storage via a high-speed con-
nection. In addition, all slaves should be inter-connected 
by high speed networks. 

Finally, a Sector client is a computer that issues re-
quests to the Sector system and accepts responses. File IO 
is performed using UDT [8] to transfer data between the 
slaves and between the client and slaves. 

Sector is written in C++.  It is open source and availa-
ble from sector.sf.net. 

3 DATA PLACEMENT 
Although some file systems are optimized for certain IO 
patterns (e.g., read-intensive, a large number of small files, 
etc.), with traditional file systems, applications cannot 
directly control the placement of files within the file sys-
tem.  Note that as described in [5], the Google File System 
(GFS) does not allow GFS applications to control the 
placement of files.   

In contrast, as we will describe in this section, Sector gives 
users several ways to specify the location of data in order to 
better support data locality.  These mechanisms are not re-
quired, and, when not used, Sector will supply appropriate 
defaults.   

Optimizing data locality is perhaps the most important 
factor affecting the overall performance of a system such as 
Sector.  In many cases, moving data from remote nodes to an 

available compute node can take more time than the compu-
tation itself. For this reason, GFS exposes data location in-
formation to MapReduce so that MapReduce can select the 
closest compute node to process each data record.  

Sector goes a significant step further in this direction. It 
not only exposes data locations to Sphere, but also allows 
Sphere applications to specify locations in a convenient way.  
In this section, we describe in detail the data locality support 
provided by Sector. 

3.1 Block vs. File 
A Sector dataset is a collection of data files. Sector stores 
these files on the local file system of all the participating 
nodes. Sector does not split a file into blocks but places a 
single file on a single node. However, replicas of files are 
placed on distinct slave nodes. 

The Sector no-block strategy means that users must ma-
nually split their large datasets into appropriately sized files. 
For some applications, this can create a small amount of ad-
ditional work. In practice though, either a large dataset is 
already split into multiple files or this can be done with little 
effort. 

There are two advantages of this approach.  First, it is eas-
ier to parse data since users know the semantics of the data-
set and can split the dataset into files at record boundaries. 
In a block-based system, data is randomly split and certain 
binary data cannot be parsed easily without scanning the 
data from the beginning of the first block. Second, for appli-
cations that process the data by files, a block-based system 
needs to gather all the required blocks into one node before 
beginning the computation.   

In several of our experimental studies with Hadoop, we 
noticed that the optimal performance was achieved when 
the Hadoop block size was increased to roughly the size of a 
file.  Since blocks in the HDFS are not split, this effectively 
reduces to the same strategy employed by Sector. 

There are, of course, disadvantages for the file-based ap-
proach that Sector takes. The major disadvantage is limita-
tions on the file size since Sector assumes that files fit on a 
single slave node.  Since Sector uses files for load balancing, 
Sector also benefits from having enough files for its load 
balancing algorithms to be effective.  In other words, Sector 
assumes that the files are small enough to fit on slave nodes 
and that there are enough of them so that it can use them for 
load balancing. 

3.2 Directory and File Family Support 
In general, Sector scatters the files of a Sector dataset over 
all the slave nodes. Some applications require that a cer-
tain collection of files be co-located in a single directory. 
To support this, users can create a special system file 
called ".nosplit" and place it in the directory. 

Once this file is present in a directory, all files and subdi-
rectories will be replicated together to the same slave node, 
or uploaded to the same node during processing by Sphere. 

Security Server Masters Client

Slaves

SSL SSL

Data
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This feature has turned out to be quite useful.  For exam-
ple, for Sphere processes involving multiple inputs, the cor-
responding data files can all be put in the same directory, 
and in this way, the multiple inputs to Sphere will be co-
located.   

This feature has also turned out to be important when 
porting legacy applications to Sphere.  For example, we 
ported an image processing application that processed direc-
tories containing subdirectories containing image files.  Plac-
ing a “.nosplit” directive in the top level directory was all 
Sphere required in order to co-locate the image data appro-
priately.  Specifically, in this example, a Sphere UDF in-
voked the legacy application and nothing more was re-
quired to co-locate the data of a single image and of collec-
tions of images that needed to be processed together by the 
same node.  In contrast, a MapReduce application on a non-
Sector file system needs an additional step to "map" all re-
lated files to one location prior to processing. 

Sector supports what it calls file families that are defined 
by applying specific rules about data locality.  For example, 
in a column-based database system on top of Sector that we 
are developing (roughly comparable to BigTable [20]), each 
column of a table contains multiple segment files associated 
with a key column. By specifying the appropriate rule, Sec-
tor can place all column files belonging to the same segment 
together, and, in this way, significantly reduce the amount of 
data that must be moved when querying multiple columns.  
Sector also places index files and the associated data files 
together to reduce search time. 

3.3 Wide Area Network Support 
Sector is one of the few distributed file systems that can 
be deployed effectively over wide area networks. This is 
important because very large datasets are often collected 
from geographically distributed locations, or need to be 
shared among users that are geographically distributed. 
With this ability, a dataset can be processed by a single 
Sphere application, even though the data is geographical-
ly distributed.   

Two major features in Sector allow it to support wide 
area networks. First, Sector uses a high-speed transport pro-
tocol called UDT [8].  We choose to use UDT instead of TCP 
since UDT has proven to be better than TCP for moving 
large datasets over wide area high performance networks [8]. 
On wide area networks, UDT provides a data transfer 
throughput that is almost as fast as within local area net-
works. In contrast, the performance of TCP over wide area 
networks is often quite poor. In practice, this makes it much 
more difficult to set up a file system based upon TCP across 
multiple data centers. 

UDT runs on top of UDP with its own reliability control 
and congestion control, both contributing to its performance. 
UDT uses explicit negative acknowledgment and periodical 
acknowledgment, which can significantly reduce control 
traffic while yielding high performance for bulk data trans-
fer. The congestion control can discover available network 
bandwidth much faster than TCP does, especially over wide 

area networks. UDT flows can also share the bandwidth 
fairly, even if they have different round trip times.   

Second, the replication strategy used by Sector automati-
cally integrates knowledge of the topology of the wide area 
network. As previously mentioned, Sector uses replication to 
provide data reliability over unreliable components and to 
improve availability in order to improve data processing 
performance. 

The default Sector replication algorithm chooses slave 
nodes so that replicas of the same file are as far from each 
other as possible. This increases data reliability because, for 
example, even if a data center goes offline, the data can still 
be retrieved from another data center.  An isolated data cen-
ter can continue to manage and process data as long as there 
is an active master. When the isolated data center rejoins 
Sector, any resulting conflicts are resolved. 

More importantly, in a wide area system, this approach 
allows a client to choose a nearby replica, which generally 
results in better data transfer throughput. 

To improve performance, Sector allows the user to choose 
whether replicas are created immediately when writing data 
or periodically. For Sphere UDFs, all output files generated 
are replicated periodically. For this reason, Sphere's perfor-
mance is almost independent of the number of replicas in 
the system (more replicas of the input files do increase per-
formance slightly). 

Additionally, Sector provides a set of authentication and 
optional data transfer encryption mechanisms to support 
security over a wide area network. 

3.4 Sector Interfaces and Management Tools 
Sector provides an almost POSIX-compliant file system 
interface and our goal is to make it 100% POSIX-
compliant in future versions. Sector can be mounted on a 
client and standard system commands (e.g., ls. stat, mkdir, 
rm, cp, etc.) can be used to manage and access Sector files.  
Sector also provides its own client side tools that are simi-
lar to the system commands (e.g., sector_ls works just like 
ls). Additional tools are provided to support file transfer 
between Sector and the local file system. 

Management tools allow users to view the current status 
of the system (e.g., file system status, resource usage, etc.), 
start/shutdown part of or the whole system, and update 
system configurations (e.g., number of replicas for a particu-
lar file or directory). 

4 SPHERE PARALLEL DATA PROCESSING 

FRAMEWORK 
Sphere applies the same User-defined Function (UDF) inde-
pendently to all the data segments comprising a Sector data-
set.  This is one of the basic ways that Sphere processes data 
in parallel. Sphere automatically and transparently manages 
the data segments, the load balancing, and the fault toler-
ance.  The application developers only need to write a C++ 
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UDF that specifies the Sphere inputs, outputs, and how the 
data is processed.   Sphere UDFs need to follow certain con-
ventions regarding variable and function names. 

4.1 The UDF Model 
As mentioned in Section 1, we use the term data segment to 
refer to a portion of a Sector dataset. A data segment can be a 
single record, a contiguous sequence of records, a file, or a 
directory of files. Sphere processes data by applying the 
same UDF independently to data segments, which are 
usually scattered over multiple Sector slave nodes. The input 
to a Sphere UDF is a Sector dataset (or multiple Sector data-
sets).  The output of a Sphere UDF is also a Sector dataset.  
Recall that a Sector dataset consists of multiple files. 

Consider the following serial program for processing data: 

   for (int i = 0; i < total_seg_num; ++i) 
      process(segment[i]); 

 

To turn this into a Sphere program, the "process" function 
is made into a Sphere UDF with the following format: 

   UDF_NAME(input, output, file); 

Here “input”, “output”, and “file” are three Sphere data 
structures.  The "input" is a Sphere programming data struc-
ture that contains the input data in a binary format, as well 
as other information, including an offset index (to parse mul-
tiple records) and any required user specified parameters. 
The UDF writes the result into the "output" data structure. 
The "file" data structure contains information about the local 
file system, which is necessary when, for example, the UDF 
needs to obtain temporary space from the local file system.  

A Sphere application developer writes a UDF, compiles it 
into a dynamic library file, and passes it to the Sphere appli-
cation.  Sphere then uploads the library file to each of the 
participating slave nodes, which in turn calls the UDF to 
process all its local data segments. 

The above serial program can be written by Sphere as: 

   SphereProc.run(file_set, NULL, UDF_NAME); 

where “file_set” is the input dataset.  In this example, the 
UDF will process a file at a time.  Additional parameters can 
be used to specify another data segment unit, such as a 
record or multiple records.  To process files, Sphere main-
tains an index associated with each data file that specifies the 
offset and length of each record in the file. 

An example of a Sphere UDF is given in the Appendix. 
The example sorts a Sector dataset. 

The Sphere UDF in the example above generates local 
output files only.  However, Sphere allows a UDF to specify 
an ID for each output record. This is usually called a bucket 
ID because the process is similar to using a hashing function 
to assign data records to different buckets. Bucket IDs are 

unique system wide and all records with the same bucket ID 
are placed by Sector into the same bucket, which is simply a 
Sector file. The resulting bucket file may or may not be on 
the same node where the data is processed.  In general buck-
et files contain data processed by many different slave nodes.  
The process is illustrated in Fig. 2. 

 

Figure 2. The hashing (bucket) process in Sphere is similar to a 
Reduce process. The top part of the diagram is the input data stream 
that is split into data segments (n, ..., n+m). The middle part is the 
Sphere processing engine (SPE) associated with each slave node. 
The bottom part is the output bucket files (0,...,b). 

In Figure 2, a Sphere Processing Engine (SPE) is a Sphere 
daemon running on each slave node. The input stream is 
split (by a Sphere scheduler) into multiple segments (n, 
n+1, ...n+m). Each SPE processes one segment at a time and 
sends the results to the appropriate bucket files (0, 1, ..., b). 
The scheduler always tries to process data segments locally, 
unless there are idle SPEs; in this case, data segments are 
sent to nearby SPEs.   The application developer can specify 
the location of bucket files if desired.  Otherwise the 
processing of segments by SPEs is handled automatically by 
Sphere.   

The local results files produced by the SPEs, as well as the 
bucket files, are regular Sector files and can be processed by 
other UDFs. 

4.2 Load Balancing 
In addition to data locality, another important factor in 
performance is load balancing. One of the problems for 
distributed data parallel applications is that the data may 
be distributed non-uniformly over the slave nodes during 
certain stages of the processing. 

Since Sphere is usually used to process very large data-
sets, there are usually many more data segments than SPEs.  
Because of this, the segments provide a natural mechanism 
for load balancing.  A faster node (either because the hard-
ware is better or because the data on the node requires less 
time to process) can process more data segments. This sim-
ple load balancing strategy works well in practice even if the 
slave nodes are heterogeneous and have different processing 
power.  

However, in general Sphere needs to move some data 
segments to a node that would otherwise be idle. This strat-
egy can be tricky because if the Sphere scheduler waits until 
the final stage of the computation to assign unfinished data 
segments to idle SPEs, there is likely to be an IO bottleneck.  

nn+1n+2n+3...n+m

SPESPESPESPE

0123...b
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This is because there will be many idle SPEs reading seg-
ments from a relatively small number of still busy SPEs.  
This bottleneck can be bad enough that the strategy of using 
idle SPEs in this way can lengthen rather than shorten the 
computation.  In the current implementation, the Sphere 
scheduler monitors the progress of each file and assigns its 
data segments to other SPEs as early as possible in order to 
decrease the likelihood of this type of bottleneck. 

When bucket files are used (for example in a Reduce or 
Hash/Bucket style processing), if too many records are sent 
to the same bucket at the same time, there may be a network 
bottleneck because there may not be enough network band-
width available. As a simple example, when data is sent 
from multiple sources to the same destination node, conges-
tion may occur on that node and cause a hot spot. Figure 3 is 
a conceptual illustration of the problem. In the left illustra-
tion, the data transfers are such that there are several hot 
spots.  On the right, the data transfers are such that there are 
no hot spots. 

 

Figure 3.  This figure is a conceptual illustration of how hot spots can 
arise in a reduce style processing of data. There are hot spots in the 
left figure, but not in the right figure. 

Of course, the diagram on the right in Figure 3 is idea-
lized. In practice, it is very difficult for a centralized schedu-
ler to schedule the computation to avoid any hot spot. An 
alternative is to use a decentralized method to identify and 
remove hot spots caused by congestion. 

In Sphere, the following decentralized approach is used 
to eliminate the hot spots. Before a node tries to send results 
to a bucket file, it queries the destination node and retrieves 
recent data transfer requests. If the aggregate size of the data 
transfer requests is greater than a threshold, the source node 
will attempt to process other buckets first. 

With this distributed flow control algorithm, the Terasort 
benchmark (described in Section 5) was improved by ap-
proximately 10% - 15% for clusters of workstations ranging 
in size from 32 to 128 nodes. 

Another approach to removing network bottlenecks in 
data centers is described in [6].  Note that this is different 
than removing bottlenecks that occur at hosts. 

4.3 Fault Tolerance 
As the number of slave nodes increases, so does the im-
portance of fault tolerance. For those jobs that do not gen-
erate any bucket files, fault tolerance is relatively easy.  If 
a slave node dies, then the required data segments can 
simply be re-processed by another node.  This feature is 

supported by Sphere and relies on the data replication 
provided by Sector. 

When a UDF sends data to multiple bucket files on other 
nodes, fault tolerance is more complicated and can result in 
significant overhead. Because data is exchanged between 
source and destination nodes, a source node failure will 
cause all related destination nodes to contain incomplete 
data, while a destination node failure will lose data contri-
buted by all the associated source nodes. 

To provide fault tolerance in this situation, the UDF re-
sults sent to each bucket have to be duplicated. Due to the 
overhead introduced by supporting fault tolerance in this 
case, the total processing time will increase, which can mean 
an even higher chance of failure. 

For this reason, Sphere does not directly provide fault to-
lerance for bucket files. There are two user-controlled ap-
proaches to support fault tolerance when bucket files are 
used. 

First, users can split the UDF that generates bucket files 
into two sub-UDFs. The first sub-UDF generates local inter-
mediate files that store the results from the local SPE. The 
second sub-UDF gathers all related files generated by the 
first one and places them into the final buckets.  Fault toler-
ance can be provided for each sub-UDF as usual. 

The second approach, which is not feasible in all situa-
tions, is to split the input into smaller sub-streams and to 
process each of the sub-streams independently. If a sub-task 
fails, results from other sub-tasks will still be valid and only 
the failed sub-tasks need to be re-executed. Eventually, the 
bucket files of all the sub-tasks can be merged. Applications 
can specify the location of bucket files for the different sub-
tasks so that the various bucket files are filled appropriately.   

Another issue related to fault tolerance is how to detect 
poorly performing nodes. A poorly performing node can 
seriously delay the whole computation when bucket files are 
generated, since all the other nodes may need to wait for 
data from, or to, that node. Most fault tolerant systems can 
detect dead nodes with timeouts, but detecting poorly per-
forming nodes remains a challenge. Hardware issues such as 
overheating, a hard disk error, or problems with the NIC, 
etc., may cause poor performance. Networking issues can 
also cause nodes to perform poorly. 

Sphere uses a voting system to identify and eliminate 
poorly performing nodes. Each node records the data trans-
fer rate (ignoring idle time) to all the other nodes. A node is 
considered poorly performing if the data transfer rate to that 
node is in the lowest 10%. Periodically, each slave sends the 
list of the lowest performing 10% of nodes to the master. If 
one node gets more than 50% of the votes (i.e., more than 50% 
of the slave nodes have voted this node in their lowest 10% 
list) within a given time period, it is eliminated from the sys-
tem. Note that votes will be cleared after a given time thre-
shold, so this will not lead to a situation where every node 
will accumulate enough votes to be eliminated. 
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We found in the benchmarking studies described in Sec-
tion 5 that poorly performing Hadoop nodes could result in 
experimental results that differed by 20% - 25% or more.  In 
cases like these we simply used a different set of nodes since 
we knew the amount of time the computation “should” take.  
In practice, poorly performing, but not dead, nodes can se-
riously impact performance for systems that are not de-
signed to detect and remove them. 

4.4 Multiple Inputs/Outputs 
Sphere can also process multiple inputs if the input data 
files are located in the same directory structure. For ex-
ample, suppose there are n input datasets, the first seg-
ment of each dataset, input.1.1, input.2.1, ..., input.n.1, can 
be put together in one directory dir.1. Sphere can then 
accept dir.1, dir.2, ..., dir.m as inputs and process all files 
in each directory at the same time. 

The output can be organized into directories as well, 
which can be processed by other Sphere applications. 

As described in Section 3.4, files in these directories will 
be kept together during replication. 

4.5 Iterative and Combinative Processing 
Some applications need to apply the same or similar op-
erations on an input dataset and its subsequent outputs. 
This is sometimes called iterative processing. One exam-
ple is the K-Means clustering algorithm. The K-Means 
algorithm repeatedly computes the centers of multiple 
data clusters until the difference between the correspond-
ing centers in Step k and Step k+1 of the iteration is less 
than a threshold. 

Iterative processing is straightforward to implement in 
Sphere and two Sector file system features can help improve 
the performance of iterative data processing applications. 

First, Sector supports in-memory objects. If the interme-
diate datasets can fit in the physical memory, using in-
memory objects can avoid disk IO and save time in recon-
structing certain data structures. 

Second, Sector allows developers to specify the location of 
each output bucket file. With certain applications, the loca-
tions can be carefully chosen in order to reduce data move-
ment in the next round of processing. 

These two features can significantly improve the perfor-
mance of some iterative applications. For example, we used 
Sphere to do a breadth-first search on a graph with 30M ver-
tices and 270M edges on a 20-node system. The performance 
with these two features enabled was about 3 times faster 
than the performance without using these two features. 

The output locality feature can also benefit those applica-
tions in which multiple data processing jobs are combined 
with each other to reach a final result.  One simple example 
is the "join" operation in databases (Figure 4). To join two 
unsorted streams, both of them have to be scanned and the 
results sent to multiple bucket files determined by the keys. 

After the scan, the corresponding buckets files can be co-
located by Sphere so that the next phase (which joins data 
from the corresponding bucket pairs) can read data from 
both datasets from the same location. 

 

Figure 4. Joining two large datasets with Sphere UDF. UDF1 and 
UDF2 are applied to each input dataset independently and the re-
sults are sent to buckets on the same locations. The third UDF joins 
the bucket data. 

4.6 Sphere Programming Interface 
In this Section we briefly describe the programming inter-
face that developers use to write parallel data processing 
applications. A Sphere application includes two parts: the 
client application and the UDF. 

The client application specifies the input datasets, the 
output datasets, and the UDF.  A typical client application is 
a simple program containing 100 to 200 lines of code.  The 
data segmentation unit (which may be per record, per block, 
per file, or per directory) is specified by a parameter in the 
Sphere API.  If the unit is records, an offset index for the in-
put dataset is required to exist in the Sector system. 

A UDF is written as described in Section 4.1. The UDF 
processes the data passed to it by an SPE and puts the result 
in the "output" parameter.  In particular, a UDF can be a 
simple wrapper around an existing application executable or 
system command (e.g., "grep"). 

A Sphere application developer does not need to write 
any code to support data segmentation (except for specify-
ing the segmentation unit), load balancing, and fault toler-
ance.  These functionalities are provided by Sphere automat-
ically. 

Sphere also supports a command line tool called "stream", 
which can execute simple Sphere jobs without having to 
write any code. The "stream" tool accepts an input 
file/directory, an optional output file/directory, a data 
processing command, and any required parameters. For 
example, the following command will run "grep 'my data' " 
on all files in the "html" directory on the Sector file system. 

   stream -i html -c grep -p "my data" 

DataSet 1

UDF 1 UDF 1

DataSet 2

UDF 2 UDF 2

UDF-
Join

UDF-
Join

UDF-
Join
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 The "stream" tool automatically generates a Sphere client 
application and a UDF that wraps the command. 

For applications that generate bucket files, Sphere re-
quires that the command or application to output each 
record be in a specific format so that the bucket ID can be 
parsed.  

5 EXPERIMENTAL RESULTS 
Previously we have conducted experimental studies on 
the wide area Open Cloud Testbed [9, 18]. We present 
here several experiments conducted on four racks within 
the same data center. This basically removes the perfor-
mance gains that UDT provides over wide area networks. 
Each of the four racks contains 30 nodes.  The nodes contain 
a dual single Intel Xeon 5410 Quad Core CPU, 16GB of 
memory, 4 1-TB SATA  disk in a RAID-0 configuration, and 
a 1-GE NIC.  GNU/Debian Linux 5.0 is installed on each 
node. 

5.1 MalStone Benchmark 
The first benchmark is MalStone. MalStone is a stylized 
analytic that runs on synthetic data generated by a utility 
called MalGen [1]. MalStone records contain the follow-
ing fields: 

Event ID | Timestamp | Site ID | Entity ID | Flag 

A record indicates that an entity visited a site at a certain 
time. As a result of the visit, the entity may become marked, 
which is indicated by setting the flag to 1 (otherwise it is 0).  
The MalStone A-10 and B-10 benchmarks each consist of 10 
billion records and the timestamps are all within a one year 
period.  There are also MalStone benchmarks for 100 billion 
and 1 trillion records.  The MalStone A benchmark computes 
a ratio for each site w as follows: for each site w, aggregate 
all entities that visited the site at any time, and compute the 
percent of visits for which the entity becomes marked at any 
future time subsequent to the visit. 

 MalStone B is similar, except that the ratio is computed 
for each week d: for each site w, and for all entities that vi-
sited the site at week d or earlier, the percent of visits for 
which the entity became marked is computed. 

MalStone represents a typical data intensive application 
that systems such as Sphere and MapReduce are designed to 
support.  The benchmark is designed to measure the per-
formance of systems optimized for the batch processing of 
large numbers of records that must be scanned.  Databases 
are usually not optimized for these types of applications. 

 

Table 1 lists the results of three different implementations: 
1) Hadoop with Malstone computed using MapReduce; 2) 
Hadoop streaming with MalStone computed using Python; 
and 3) Sector with MalStone computed using Sphere. All the 
benchmarks were computed on a single cluster of 20 nodes. 
The nodes contained an Intel Xeon 5160 3.0 GHz Quad Core 
CPU, 12GB of memory, a single 1TB SATA disk, and a single 

1GE NIC. Version 1.21 of Sector and Version 0.18 of Hadoop 
were used. 

TABLE 1 

COMPARING HADOOP AND SECTOR USING THE MALSTONE 
BENCHMARK 

  MalStone A  MalStone B 

Hadoop  454m 13s  840m 50s 

Hadoop Stream‐

ing/Python 

87m 29s  142m 32s 

Sector/Sphere  33m 40s  43m 44s 

 

5.2 Terasort Benchmark 
We also compared Hadoop and Sector using Terasort.  
Recall that the Terasort benchmark consists of sorting 1 
TB of data containing a 10-byte key and a 90-byte payload 
value.  Version 1.24a of Sector and Version 0.20.1 of Ha-
doop were used. 

Table 2 lists the performance of sorting 1 TB of data, con-
sisting of 100-byte records with a 10-byte key, on 1, 2, 3, and 
4 racks (i.e., 30, 60, 90, and 120 nodes). 

TABLE 2 

COMPARING HADOOP AND SPHERE USING THE TERASORT 
BENCHMARK 

Number 

of Racks 

(Nodes) 

Sphere 

UDF 

Sphere 

MR 

(Push) 

Sphere 

MR 

(Pull) 

Hadoop 

1 (30)  28m49s  31m10s  46m2s  85m49s 

2 (60)  15m20s  15m41s  25m7s  37m0s 

3 (90)  10m19s  12m30s   16m35s 25m14s 

4 (120)  7m56s  ‐  ‐  17m45s 

 

The performance is consistent with the results of our pre-
vious experiments using Sector Version 0.21 and Hadoop 
Version 0.18 [7]. 

Furthermore, in this experiment, we also examined the 
resource usage of both systems. We noticed that network IO 
plays an important role in Terasort. When Sector is running 
on 120 nodes, the aggregate network IO is greater than 60 
Gb/s, while for Hadoop  the number is only 15 Gb/s. 

Because sorting the 1 TB requires exchanging almost the 
entire dataset among the participating nodes, the higher 
network IO is an indication that resources are being utilized 
effectively. This may explain in part why Sector is more than 
twice as fast as Hadoop. 

Neither Sector nor Hadoop fully utilized the CPU and 
memory resources in this application because the applica-
tion is still IO bound. However, Hadoop used much more 
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CPU (200% vs. 120%) and memory (8GB vs. 2GB).  This dif-
ference may be due to Hadoop's use of the Java VM. 

For both experiments, we limited the number of replicas 
to 1 (i.e., neither system created replicas).  If replicas had 
been enabled, Hadoop’s performance drops approximately 
50% (in other words, the run time doubles) [9].  Even with 
replication enabled, Sphere’s performance is approximately 
the same.  This difference is due to the different strategies 
Hadoop and Sphere use for replication, as discussed above 
(Sphere does not replicate the result immediately, but rather 
periodically). 

We note that in our experience tuning Hadoop to achieve 
optimal performance took some time and effort. In contrast, 
Sector does not require any performance tuning.  

In another series of experiments, we implemented Tera-
sort using using a Sphere-based MapReduce with a push 
model, and using a Sphere-based MapReduce using a pull 
model.  The MapReduce with Mappers pushing to Reducers 
has roughly the same performance as using Sphere UDFs.  
This is to be expected because in both cases two UDFs are 
used and in both cases data is pushed between the two 
UDFs. 

In the MapReduce/Pull model, where Mappers generate 
local results and Reducers read data from different locations, 
the performance drops by 60% - 75%. This is not only be-
cause data is written into local disk (an extra write compared 
to the push model), but also because the Sphere MapReduce 
pull implementation does not support overlap between Map 
and Reduce, so the data transfer is an extra step compared to 
the push model. 

The Sphere MapReduce pull implementation is still faster 
than Hadoop MapReduce. This is probably due to a combi-
nation of many implementation factors, including but not 
limited to: system architecture, choice of programming lan-
guage (C++ vs. Java), and selection of a large number of dif-
ferent parameters (buffer sizes, etc.). Profiling the Hadoop 
implementation is beyond the scope of this paper. 

The Sphere MapReduce results were not available for the 
4-rack configuration.  This is because the fourth rack was 
assigned to another project after the Sphere UDF and Ha-
doop experiments were completed. 

5.3 Illumina Genome Application 
We end this section by describing how we used Sphere to 
parallelize the processing of gene expression data from 
the Illumina Genome Analyzer [19]. Each run of the Illu-
mina we used produces several hundred thousand TIF 
files comprising a few TB of data. With the current pipe-
line [19], these are processed as follows: The images are 
analyzed using a program called Firecrest; DNA bases are 
then called using a program called Bustard; and finally, 
additional quality calibration and filtering is done using a 
program called Gerald.   This results in several tens of 
thousands of files comprising 20-30 GB of data. For more 
details, see [19].   

Rather than re-code the Firecrest-Bustard-Gerald pipeline 
entirely in Sphere, we simply took the data as output by the 
Illumina Genome Analyzer and wrapped the existing code 
in Sphere wrappers. The input to the pipeline consists of 
many directories each containing a variety of files and other 
directories.   

Recall that Sector has a feature that enables files in a direc-
tory to be processed together. Specifically, Sector uses a sys-
tem file in each directory to prevent the directory from being 
split during replication. Also a Sphere UDF looks for a spe-
cial "seed" file in each directory to locate the required input 
data.  

The Illumina instrument has 8 “lanes” and to simplify our 
experiment, we simply used a different node to process the 
data for each lane.  Proceeding in this way, the Sphere 8-way 
parallelized version required about 110 minutes to finish 
processing the data, while the original application took ap-
proximately 760 minutes to finish using just one of the nodes.  
We emphasize that the pipeline was not changed; rather, the 
data, which was already in Sector, was simply processed 
with the pipeline invoked from Sphere. Note that parallel 
workflow systems such as Swift [14] can be used in very 
similar ways. 

Note that this example is easy to code using Sec-
tor/Sphere, but much more challenging to code efficiently 
using the Hadoop framework since images are split into 
blocks and directories of files cannot be easily processed 
together. 

6 RELATED WORK 
We begin this section by comparing Sector/Sphere with 
GFS/MapReduce and Hadoop.  Sector/Sphere is broadly 
similar to GFS/MapReduce and Hadoop since they are all 
designed with similar objectives: processing very large data-
sets on distributed clusters of unreliable computers. The 
MapReduce programming model has also been used in oth-
er contexts, such as on GPU and multi-core CPUs, but these 
implementations are irrelevant to the work presented in this 
paper. 

As we have described above, Sector/Sphere is designed 
differently than GFS/MapReduce and Hadoop and has dif-
ferent features.  Sector is tightly coupled with Sphere and 
contains features so that Sphere applications can provide 
directives to Sector to improve data locality.  These features 
include: directory/file family support (Section 3.2) and in-
memory objects (Section 4.5).  Also, Sector is file-based in-
stead of block-based (Section 3.1), which also improves data 
locality.  In contrast, both GFS and HDFS are more similar to 
a traditional distributed file system, although they both sup-
port replication.   

We note that Sphere’s support for UDFs is more general 
than the MapReduce framework.  Specifically, a sequence of 
Sphere UDFs can duplicate any MapReduce computation.  
In more detail: a Map operation can be simply expressed by 
a UDF. A MapReduce operation can be expressed by two 
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UDFs with the first one generating bucket files (similar to a 
Mapper) and the second one processing the buckets files 
(similar to a Reducer). It is also important to note that in 
MapReduce a sort must be performed in order to run Re-
duce, even though sorting is not required for many applica-
tions.  Finally, we note that in the UDF model, developers 
are free to use any operations on the bucket files, whether it 
is sorting, hashing, or no processing at all. 

For many applications, Sphere’s support for multiple in-
put files is also important.  Sphere UDFs not only accept 
multiple inputs, but also can do this in a way that supports 
data locality.  In contrast, with Hadoop, there is no way to 
guarantee the data locality for multiple inputs, as the input 
files can be randomly located across many different nodes.  

It is also very straightforward for Sphere developers to 
choose a pull model or a push model for transferring data 
between the two UDFs that assemble MapReduce style op-
erations. The push model sends data directly to the bucket 
files, which is faster but does not provide fault tolerance. 

Finally, as we have shown in Section 5, Sector/Sphere 
provides higher performance than Hadoop as measured by 
the Terasort and Malstone benchmarks. 

We now briefly compare Sector/Sphere to some other 
systems that have been used for data intensive computing.   

 Grid based frameworks have been used for data inten-
sive computing for some time, including Condor [16] and 
Swift [14].  Condor and Swift specify the execution of tasks 
using a directed acyclic graph (DAG).  A node in a DAG 
represents a process (sometimes called a subroutine) and is 
roughly comparable to a UDF in Sphere. The processes in a 
DAG can be organized in more flexible and complex ways 
than the simple data parallel execution patterns that Ma-
pReduce or Sphere UDFs support; on the other hand, this 
increase in flexibility requires more of the developers' input. 
While this means a DAG-based approach can support a 
larger class of applications, it also places a greater burden on 
the programmers. 

More recently, Dryad [11] has emerged as a more general 
framework for parallel computing that provides language 
level constructs that generalize MapReduce style computa-
tions.  Perhaps the most fundamental difference between 
Condor/Swift/Dryad and MapReduce/Sphere is data local-
ity. In the former systems, processors are still first-class citi-
zens and data locality is only considered as an optimization 
method. In MapReduce and Sphere, maintaining data locali-
ty is one of the fundamental design principles.   

There has also been an interest in data locality for grid 
systems.  Systems such as BAD-FS [3], Stork [12], and iRods 
[15] all consider data placement and transfer cost as a factor 
in batch task schedulers. However, these systems use a mul-
ti-task model and, more importantly, the storage is still sepa-
rated from the computing nodes. 

DataCutter [2] and Active Data Repository (ADR) [13] ac-

tually support data processing on storage nodes and the 
"filter" used in these systems can be broadly compared to the 
Sphere UDF.  However, DataCutter and ADR do not pro-
vide the support for transparent fault tolerance and load 
balancing that Hadoop and Sector do.  

7 CONCLUSION 
We have presented a new parallel data processing frame-
work for data intensive computing over large clusters of 
commodity computers.  The Sector distributed file system 
supports data locality directives so that applications can im-
prove their performance by exploiting data locality.  Sector 
processes segments of data at various levels of granularity, 
including by record, by groups of records, by files, and by 
directories of files.  The Sphere framework allows User De-
fined Functions (UDF) to be applied in parallel to the data 
segments managed by Sector. Sphere also supports what are 
called bucket files that provide a flexible mechanism for dif-
ferent UDFs to exchange data. 

We have reported on experimental studies comparing 
Sector/Sphere with Hadoop. In these studies, Sector/Sphere 
is about 2 to 4 times faster than Hadoop as measured by the 
Terasort and MalStone benchmarks. Sector/Sphere supports 
multiple inputs, multiple outputs and provides several di-
rectives so that users can specify data locality. Hadoop does 
not support these features. 
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APPENDIX: EXAMPLE SPHERE CODE FOR DISTRIBUTED SORTING 
This Sphere example shows a Sphere program to perform a distributed sorting on data stored in Sector. The data to be sorted 
consists of 100-byte long binary records with a 10-byte key. To save space, we removed the error checking code in the pro-
gram. This program contains two UDFs and one client application that organizes input, output, and UDFs. The first UDF 
reads each record and assigns it a bucket ID based upon the high order bits of the key.  Note that when bucket IDs are as-
signed in this way, all values in the n’th bucket are greater than any value in the n-1 bucket. The second UDT then simply 
sort each bucket. 

UDF-1: The input is a record, the output is the same record with a bucket ID computed according to the key. 
 
struct Key { 
      uint32_t v1; 
      uint32_t v2; 
      uint16_t v3; 
}; 
 
// hash k into a value in [0, 2^n -1), n < 32 
int hash(const Key* k, const int& n) { 
      return (k->v1 >> (32 - n)); 
} 
 
int sorthash(const SInput* input, SOutput* output, SFile* file) { 
      memcpy(output->m_pcResult, input->m_pcUnit, 100); 
      *(output->m_pllIndex) = 0; 
      *(output->m_pllIndex + 1) = 100; 
      output->m_iResSize = 100; 
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      output->m_iRows = 1; 
      *output->m_piBucketID = hash((Key*)input->m_pcUnit, *(int*)input->m_pcParam); 
      return 0; 
} 
 
UDF-2: Sort each bucket file. 
 
void sortbucket(const char* bucket) { 
      // bucket is a local file. This function sort all records in the bucket file and write the result back to the same file 
      // we omit the sorting code here. It is independent of Sphere. 
} 
 
int sort(const SInput* input, SOutput* output, SFile* file) { 
      string bucket = file->m_strHomeDir + input->m_pcUnit; 
      sortbucket(bucket.c_str()); 
      output->m_iRows = 0; 
      file->m_sstrFiles.insert(input->m_pcUnit); 
      return 0; 
} 

 
Sphere client program. 
 
int main(int argc, char** argv) { 
      // Sphere client initialize and login the system. Code omitted here. 
 
      // initialize input data with all files in the "data" directory 
      vector<string> files; 
      files.push_back("data"); 
      SphereStream s; 
      s.init(files); 
 
      // prepare output stream with 1024 buckets, use the first 10-bit as bucket ID 
      int N = 10; 
      SphereStream temp; 
      temp.setOutputPath("test/sorted", "stream_sort_bucket"); 
      temp.init(pow(2, N)); 
 
      SphereProcess* myproc = client.createSphereProcess(); 
 
      // upload the two UDFs to the Sector system 
      myproc->loadOperator("./funcs/sorthash.so"); 
      myproc->loadOperator("./funcs/sort.so"); 
 
      // run UDF-1 
      myproc->run(s, temp, "sorthash", 1, (char*)&N, 4); 
      myproc->waitForCompletion(); 
 
      SphereStream output; 
      output.init(0); 
 
       // run UDF-2 
      myproc->run(temp, output, "sort", 0, NULL, 0); 
      myproc->waitForCompletion(); 
 
      // Sphere client logout and release resources. code omitted here. 
      return 0; 
} 

 


