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Abstract

This paper describes the implementation of a dis-
tributed data server system to support queries against multi-
dimensional scientific datasets. The server system builds on
a distributed, peer-to-peer object storage middleware. It is
an extensible server in the sense that new user-defined fil-
tering and processing functions can be added to the system.
We investigate and experimentally evaluate several query
scheduling policies within this system.

Keywords: Data servers, peer-to-peer, storage, data

querying.

1 INTRODUCTION

Analysis of datasets from simulations is key to gaining
insight into the problem under study. Scientists are increas-
ingly able to generate data at high rates and at high resolu-
tions, with the help of high end computing platforms. Data
items in a scientific dataset can often be associated with
points in a multi-dimensional attribute space [1]. Appli-
cations that process and analyze multi-dimensional datasets
use only a subset of all the data available in input datasets.
Access to data items is described by a range query, which is
a multi-dimensional bounding box in the underlying multi-
dimensional attribute space of the dataset. Only the data
items whose associated coordinates fall within the multi-
dimensional box are retrieved. Queries can involve user-
defined filtering and processing operations on the data.

In recent years, peer-to-peer systems have emerged as
a viable technology to support storage and sharing of con-
tent and files across disparate data sources and data con-

*This research was supported in part by the National Science
Foundation under Grants #ACI-9619020 (UC Subcontract #10152408),
#EIA-0121177, #ACI-0203846, #ACI-0130437, #ANI-0330612, #ACI-
9982087, #CCF-0342615, #CNS-0406386, #CNS-0426241, Lawrence
Livermore National Laboratory under Grant #B517095 (UC Subcontract
#10184497), NIH NIBIB BISTI #P20EB000591, Ohio Board of Regents
BRTTC #BRTT02-0003.

sumers (clients). These systems provide support for lo-
cation independent routing and data replication in a dis-
tributed environment. In this paper, we describe the imple-
mentation of a distributed and extensible data server system
for efficient querying and subsetting of multi-dimensional
datasets. The system is extensible in that user-defined filter-
ing and processing functions can be integrated into the sys-
tem. The server system is built using Pond [2], a distributed
object storage system. We have implemented several query
scheduling strategies to improve query response times when
multiple queries are submitted to the system. We experi-
mentally evaluate these strategies using a distributed col-
lection of PC clusters.

2 RELATED WORK

Many peer-to-peer middleware systems have been devel-
oped for content delivery and file sharing [3, 4, 5]. Several
research projects investigate methods for sharing of differ-
ent data types and processing of complex queries. Gulbe-
den and Sahin [6] develop techniques for efficient shar-
ing of multi-dimensional data in the Chord system [3].
Kalnis et. al. [7] have proposed a PeerOLAP architecture
that supports On-Line Analytical Processing Queries. Like
Pond, the system is decentralized, and results are cached ar-
bitrarily over all the peers in the network. Harren et al. [8]
have developed an architecture that supports the processing
of complex queries in DHT-based peer-to-peer networks.
They do not address multidimensional data and replication
of data. PeerDB [9] is a P2P-based system for distributed
data sharing. PeerDB is unique in that, it adopts mobile
agents to assist in query processing. Agents can perform op-
erations at peers’ sites, thereby better utilizing the network
bandwidth. PeerDB also caches responses for queries to
improve performance on subsequent queries. Demirbas et
al. [10] have developed a peer-to-peer indexing structure to
efficiently process spatial queries in sensor networks. They
present a query processing model that optimizes the number
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of peers contacted to service a query. Schmidt et al. [11]
have designed Squid, a P2P information-discovery system
that supports complex queries including partial keywords,
wildcards and ranges. Using Space-filling curves, they
map the multidimensional space onto the physical peers.
Queries are optimized by generating only useful clusters of
the SFC-based index. Their work does not specifically ad-
dress the issue of serving multi-diemensional datasets and
query scheduling techniques.

Parallel and distributed database systems have been a
major topic in the database community [12] for a long time.
Much attention has been devoted to query execution and
implementation of joins on parallel systems. The proposed
methods leverage parallelism by effectively partitioning the
data and workload among the processors. Our system
could leverage those techniques for the execution of parallel
queries. In this paper, we target scientific datasets and set-
tings, where data is stored as objects in a distributed object
storage system, and investigate query scheduling algorithms
in such an environment. The large aggregate memory of
a PC or workstation cluster has attracted the attention of
many researchers, including work on cooperative caching
and prefetching [13, 14, 15]. Our approach is to deploy a
peer-to-peer storage system so that distributed storage re-
sources can be utilized for data replication and caching.

3 POND

Pond [2] is a prototype of the OceanStore frame-
work!, which is designed to provide support for location-
independent access to distributed persistent data in a uni-
form and universally available fashion. A Pond instance is
made up of a number of virtual interactive resources (Pond
clients or nodes) that make up an overlay network. Both re-
sources and data are named using 160-bit GUIDs (Globally
Unique Identifiers) from the same namespace. The Pond
system uses Tapestry [16] as the underlying means of com-
munication between the overlay resources that constitute a
Pond instance.

The basic unit of data storage in Pond is a data object,
identified uniquely by its AGUID (Active Globally Unique
Identifier). Pond clients can create data objects, request to
read data from the objects, and update the data objects. Ob-
jects are automatically and dynamically replicated in the
system for greater availability and faster data access. One
copy of a data object is identified as its primary copy, while
the others are its secondary copies. The consistency of ob-
jectreplicas is also managed by Pond. At the basic level, the
actual data is stored in the form of byte arrays in read-only
blocks, identified uniquely by their block GUIDs. These
blocks of data are cached throughout the system. The main
entities present in a Pond system include: (1) Inner Ring

Uhttp://oceanstore.cs.berkeley.edu/
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(Tier 1), which is a set of powerful and well-connected
servers. Any one of the inner ring servers can store the
primary copy of a data object, while the other servers auto-
matically become replicas for that object. (2) Pond clients
(Tier 2), which are applications that access Pond through
local processes. When a new object is created in Pond, it
is assigned an Inner Ring server. In order to retrieve a data
object, a Pond client must provide a read request containing
the following information: (1) the AGUID of the data ob-
ject, (2) Version Predicate: A mechanism to request specific
(possibly older) versions of the object based on its VGUID
(Version GUID). (3) Selection: The specific portion of data
that needs to be retrieved from within the object.

4 A DATA SERVER SYSTEM FOR MULTI-
DIMENSIONAL DATASETS

Our main aim is to develop a multi-dimensional data
server, utilizing Pond as its persistent storage middleware.
The data server system provides support for partitioning of
input datasets into chunks, indexing of these chunks, execu-
tion of queries with user-defined operations, and optimiza-
tions to speed up execution of multiple queries submitted to
the system. This section describes in detail the architecture
of our multi-dimensional data server system, the functions
of each component of our system, and the different query
execution strategies implemented in the system.

4.1 Overall System Architecture

The data server system is composed of a set of special-
ized Pond nodes that implement a typical server-client sys-
tem. These nodes use Pond’s rich interfaces to create, store,
and read data (objects). Based on their functions, these
nodes are classified as one of the following.

Master Server: A master server is a server that cre-
ates Pond objects in the system. Master servers have multi-
dimensional datasets stored on local disks. On entering the
system, they partition their dataset into data chunks and cre-
ate Pond objects for each of these chunks. They also create
indexes for efficient retrieval of these objects. The object
creation phase is a one-time operation for a master server
because objects in Pond remain forever, as long as the Pond
instance is up and running. Once a master server is done
creating data, it functions as a normal server that receives
requests from clients, performs index lookup, retrieves data,
and sends the results back to the client. A master server
can also redirect some of its queries to other servers (called
slave servers) if it becomes overloaded.

Slave Server: As the name suggests, the slave server
acts as a slave to master servers. Excess queries can be
redirected to slave servers to ease the burden on the master.
A slave server can receive queries directly from a client. It
can also redirect queries to other slave servers. The pres-
ence of many slave servers can also lead to greater caching
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and replication of data.

Resource Manager: In some of the query execution
strategies, we employ a centralized entity called a resource
manager, which keeps track of the number of servers in the
system and their loads. Servers and clients contact the re-
source manager to find out the least loaded server and redi-
rect their queries to that server.

Client: A client is an application that sends queries to
the servers requesting data. In our implementation, clients
do not provide disk storage for the data blocks distributed
throughout the system. Clients can send requests to master
servers or slave servers.

4.2 Data Storage

In most cases only a small portion of the data is of in-
terest to the scientist. Hence, it is a common optimization
to partition the dataset into a set of chunks [1]. Each chunk
contains a disjoint subset of data items in the dataset and
is associated with a bounding box that encompasses the co-
ordinates of all data items in the chunk. When the client
requests for a portion of the data, only the relevant data
chunks need to be retrieved and processed, not the entire
dataset. In a distributed setting, data chunks are declus-
tered across the storage nodes in the environment to achieve
higher I/O bandwidths. Applying the notion of data chunks
in the context of Pond, a dataset is divided into multiple
chunks. Each chunk is stored as a data object in Pond. In
our design, we rely on the underlying runtime system of
Pond to provide efficient access to data across the nodes of
the system through object replication.

4.3 Indexing

We use an Rtree index [17, 18] to rapidly search for data
that intersects the query bounding box. The index contains
the VGUID of the object as part of metadata for the object?.
This is an optimization to speed up data object retrieval. Ev-
ery time a Pond node issues a read request for a new object,
it needs to provide version predicate. If it requests the latest
version, the request is forwarded all the way to the inner ring
for that object. Only when the node knows the VGUID of
an object can it issue a read request for the object. Since sci-
entific datasets are usually read-only (updates to data are in
the form of adding new data elements to the dataset or new
datasets to the system), there exists only a single version of
every data object in the system. By including the VGUID
of the object as part of the metadata at the time of index
creation, the node can know the VGUID by just perform-
ing the index lookup, and thus avoid sending the VGUID
request to the inner ring. Like data chunks in the dataset,
the index is also serialized into a byte array and stored as

2We should note that more than one R-tree index file can be created if
a single index for the dataset will be very big

a Pond object. This makes it possible for one server node
to perform an index lookup on the data and answer queries
into data created by another server node, thereby potentially
reducing the workload on the latter.

4.4 User-defined Filtering and Processing of Data

User-defined operations, such as value-based filtering
and data aggregation, are often a part of the query submitted
against a scientific dataset. A user-defined operation is im-
plemented as an object with well defined callback methods
in the data server. Currently, the object is expressed using a
Java language binding by subclassing a base class. Drawing
from the notion of filters and aggregation objects in our ear-
lier work [1], the interface of method callbacks consists of
an initialization function, a processing function, and a final-
ization function. The initialization function is called when
the query is received to initialize internal data structures.
The process function is executed for each data chunk (rep-
resented as a byte array) that intersects the query bounding
box. The finalize function is called after the last data chunk
is processed.

In the data server system, user-defined objects, compiled
as a Java class, are stored as Pond objects. This allows any
server in the system to be able to execute queries with user
defined processing operations. In our implementation, each
user-defined operation is assigned a unique name and the
AGUID of the operation is derived from its name by us-
ing the hash function employed in Pond. When a query is
received by a server, the server retrieves the corresponding
Pond object, extracts the Java class, and creates a Java ob-
ject using the ClassLoader object provided by Java.

4.5 Query Scheduling and Execution

Queries by the clients take the form {D, LB,UB, F, P}
where D is the dataset being queried, LB =
{lby, by, ...,lbg} is an array containing the lower bounds
of the range query along each of the d dimensions, simi-
larly UB = {uby, uby,...,ubs} contains the upper bounds
along the d dimensions, F' is the name of the object corre-
sponding to the processing operation to be applied to data,
and P is the input parameter string to F'. Once a server re-
ceives a query, it looks for a copy of the dataset object D on
local disk. If it is not present, the server retrieves the corre-
sponding object from Pond and stores it locally. The dataset
object contains the list of indexes (i.e., index objects/files)
associated with the dataset. The server then retrieves the
Pond objects corresponding to those indices and stores them
on local disk as index files for the R-tree index [18]. This is
followed by an index lookup on each of these indices. The
objects corresponding to the chunks intersecting the query
are retrieved from Pond by the server, and results are sent
back to the client using the Tapestry [16] layer in Pond, i.e.,
result data is routed back to the client as a set of chunks via
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Tapestry’s routing support. Since any node can perform an
index lookup and retrieve data in Pond, client applications
can send their multi-dimensional queries to any of these
nodes. We have investigated several strategies, one static
and two dynamic scheduling schemes, in our implementa-
tion. The objective of dynamic query scheduling strategies
is to route the queries to appropriate nodes in the system so
that the workloads on the nodes are evenly balanced at all
times and the queries are answered as quickly as possible.
The first dynamic strategy uses a centralized server-side en-
tity, while the second dynamic strategy adopts a client-side
distributed approach.

Static Partitioning (Static): This strategy evenly dis-
tributes clients among servers (both master and slave
servers). Each client is assigned to a server statically and
submits all its queries to that server. Each query is answered
by the server to which the client is assigned.

Resource Manager: Every server, master and slave,
registers itself with the resource manager. The resource
manager keeps track of the load on each server. We have
implemented two variations of this strategy. In the Re-
source Manager Server Only (RMS) strategy, clients di-
rect all their queries to any one server. When a server
receives a query, it notifies the resource manager so that
the resource manager increments the count of queries being
handled by the server. If the server detects that the num-
ber of queries exceeds the excess load threshold, the server
sends a request to the resource manager for the least loaded
server. Once the least loaded server is known, the server for-
wards the excess queries to it. It then notifies the resource
manager to decrement the count of queries assigned to this
server accordingly. In the Resource Manager Client-Server
(RMS+RMC) strategy, a client first contacts the resource
manager to find out the least loaded server and sends its
queries to that server. Once the query is received by a server,
the RMS strategy is employed, if a server becomes over-
loaded. The goal of using the RMS strategy in addition to
client’s contacting the resource manager is to allow servers
to dynamically change their threshold for excess load or ap-
ply a different method to compute their load (instead of just
counting the number of queries waiting in the queued).

Client-side Dynamic Selection (Client-Dynamic): The
previous strategies use the number of queries assigned to
a server as the criterion for choosing a server to delegate
queries. However, that may not always yield a good result.
For instance, if the server chosen is faraway from the client,
the advantage gained by servicing the queries as early as
possible is lost due to the time it takes to route the data back
to the client across a large distance. The client-dynamic
strategy uses the query response time as the criterion for
choosing who executes queries. The client initially sends
a small ’test’ query to each server. It records the response
times from each server. The next query is sent to the server

Spring Simulation Multiconference 2005

that provides best results for this client. The client updates
its records every time it receives a response. If a previously
*fast’ server yields poor response times, then this may be
reflective of the increased load on the server, or increased
traffic in the network. The client-side dynamic selection
strategy is most beneficial when a client will submit many
queries to the data server system over the client’s lifetime or
when there is a proxy located near a group of clients, which
handles submission of queries to the system and routing of
results back to clients on behalf of the group of clients.

Another client-side strategy we implemented is the Ran-
dom Server Selection strategy. In this strategy, the client
randomly chooses a server and sends its query to that server.
This is a simple strategy that does not require keeping track
of response times or the number of queries assigned to
servers. By randomizing selection of servers, this strategy
tries to balance distribution of queries to servers and at the
same time, to reduce the chances of two clients submitting
queries to the same server concurrently.

S RESULTS

For the experimental evaluation, we used a heteroge-
neous platform consisting of two inter-connected clusters.
The first cluster, OSUMED, is made up of 24 Linux PCs.
Each node has a PIII 933MHz CPU, 512 MB main mem-
ory, and three 100 GB IDE disks. The nodes in this cluster
are inter-connected via Switched Fast Ethernet. The second
cluster, MOB, contains 8 nodes. Each node of the clus-
ter consists of two AMD Opteron processors with 8 GB
of memory, 1.5 TB of disk storage in RAID 5 SATA disk
arrays. The nodes are connected to each other via a Giga-
bit switch. MOB is connected to OSUMED over a shared
100 Mbit network. For our experiments, master servers
and inner ring servers were run on nodes in the MOB clus-
ter. Slave servers and clients were executed on nodes in
the OSUMED cluster. We ran experiments to evaluate
the performance of the various scheduling strategies. Our
main objective is to reduce the overall time taken to serve
queries from all clients in the system. In the experiments,
the bounding boxes of input data chunks are randomly
created using uniform distribution within a 2-dimensional
[(0.0,1.0)x(0.0,1.0)] rectangle and a client requests subsets
of chunks via 2-dimensional queries.

The first set of experiments compares the performance
of the client-dynamic strategy to that of the client-side ran-
dom server selection strategy. The experimental setup con-
sists of a master server that creates 120 MB of data, six
slave servers, and a single client that sends thirty randomly-
generated queries. In the client-dynamic strategy, the client
first sends ’test’” queries, each of which returns a single data
chunk, to all the servers in the system, and uses the observed
bandwidth to rank the servers initially. In our experiments,
the size of the data chunk returned as response to a test
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Dynamic selection of servers by clients
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Figure 1. Performance comparison of the
client-dynamic strategy vs. random assign-
ment of queries to servers.
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Figure 2. Performance comparison of query
scheduling strategies.

query is 512KB. The timing results in the graphs do not in-
clude the time for the test queries, which are submitted only
once when a client joins the system. In the current imple-
mentation, the client waits for all responses to come back,
so that it can build its local table of response times for each
server. We observed that the overhead from a test query
is about 6 seconds in our experimental configuration. Fig-
ure 1 gives us the breakup of times after every 5 queries are
executed. We observed that random assignment achieved
a more balanced distribution of load in terms of the num-
ber of queries assigned to servers. However, in terms of
response time, the client-dynamic strategy performs better
since it takes into account bandwidth between the client and
a server.

The second set of experiments compare the performance
of different query scheduling strategies. In these experi-
ments, there is one master server, 6 slave servers, and 12
clients. Each client submits a total of 10 randomly gener-
ated queries one by one to the system. The master server
stores 250 data chunks, each of which is 512KB in size, in

Load balance among servers

30
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20 4

15 EMaximum
BMinimum

Load (No. of queries)

Static RMS RMS+RMC Client-Dynamic

Strategy

Figure 3. Distribution of queries across
servers with different scheduling strategies.

Pond. Figure 2 shows the maximum and minimum response
times observed by the clients when 10 queries from each
client are answered. As is seen from the figure, the client-
dynamic strategy achieves a better performance among all
the strategies. The static strategy aims to achieve load bal-
ance across servers by evenly partitioning clients among
servers. The RMS and RMS+RMC targets load balance at
the query level and assigns queries to least loaded servers.
The client-side client-dynamic strategy, on the other hand,
aims to minimize query response time as observed by the
client. Our results show that the metric used by the client-
dynamic strategy is a better approximation of load distri-
bution and network overhead. Figure 3 shows the maxium
and minimum number of queries handled by servers in the
system. In the dynamic strategies, unlike the static strategy
or the random server selection strategy, a particular server
may yield fast query execution times and response times for
the client, and as a result, may have more queries directed
toward it.

In order to look at the variation in execution time when
the number of clients is varied, we carried out a set of ex-
periments using a fixed number of 6 servers. The number
of clients was 3, 6, 9, and 12. Figure 4 shows the total
execution times for different number of clients. In these
experiments, we used the client-dynamic strategy. The exe-
cution times in the graph are the response times observed by
the client for 10 queries. Fastest, Average, and Slowest de-
note the minimum, average, and maximum response times
among clients. As expected the execution time rises as the
number of clients is increased, since more clients have to
be served by the given set of servers. We observe that the
increase in the execution time is linearly proportional to the
number of clients.

We also conducted a set of experiments to measure the
relative performance of the various strategies for slicing
queries using the same configurations as in our original
experiments. Randomly generated slicing queries that ex-
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Figure 4. Change in the execution time of
queries when the number of clients is varied.

tracted row-wise and column-wise thin slices were submit-
ted to the system by 12 clients. Each client submitted 10
queries. We observed performance trends between algo-
rithms which were similar to those in our original range
query experiments.

6 CONCLUSIONS

In this paper we presented the implementation of a data
server for multi-dimensional datasets. A salient feature of
this server system is that it uses a distributed object store as
its underlying storage substrate. This allows the server sys-
tem to leverage data replication and location-independent
routing of messages that are provided by the underlying
substrate. We also described several query scheduling
strategies to improve response times. Our preliminary ex-
perimental evaluation shows that the client-side dynamic
scheduling strategy that implicitly takes both server load
and network overhead into account achieves better perfor-
mance than the other strategies.
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