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Abstract

The proliferation of large data repositories inspires
continuing interest in storage systems and organization.
This paper describes basic principles and architecture
of a new prototype system for data storage and
retrieval, called D¥*, which is designed to support
advanced scientific studies in Data Grid environments.
Unlike typical storage systems, the D* system enables a
tighter integration of data-storage and data-mining
technologies. Through the application of innovative
retrieval and clustering techniques for high-dimensional
data, D* can support high-performance data access and
provide scientific applications useful insights into the
data that can facilitate subsequent processes of data
preparation and data mining. The system scales well
with the increasing dimensionality of scientific data and
works well on incremental loads of data.
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1. Introduction

The development of the new information-technology
frameworks for scientific research, called the Data
Grids, is one of the most important undertakings in
computational sciences today. The main objective of
these endeavors is to enable “geographically dispersed
extraction of complex scientific information from very
large collections of measured data” [1].

The Data Grids face difficult problems of scale
arising from the large volumes and high dimensionalities
of scientific data. To support efficient and scalable
retrieval of multi-dimensional scientific data on a
designated execution site, the storage and retrieval
system should employ a clustered storage organization

that maximizes the densities of clusters on storage. The
clustering algorithm appropriate for this application
should effectively isolate areas with points, reducing the
amount of their internal empty space. Furthermore, the
clustering method should scale in terms of the number of
points and number of dimensions.

Considering these factors, we have developed a
new prototype system for efficient storage and retrieval
of multi-dimensional data, called D* (Data storage and
retrieval). The system is based on certain principles of
organizing and accessing multi-dimensional data on
storage discussed later in the paper. D* is also designed
to enable a tighter coupling between data-storage and
data-mining technologies. Through the application of
innovative retrieval and clustering techniques for high-
dimensional data, D* can support high-performance data
access and provide scientific applications useful insights
into the data that can facilitate subsequent processes of
data preparation and data mining. The basic processes of
the system include: -clustering, space partitioning,
loading, and retrieval based on region queries and
similarity searching.

2. Data Grid Vision

The general thinking behind Data Grids can be
illustrated best with an example. Suppose that a scientist
starts an analysis program at a certain local site shared
by multiple clients. An important aspect of a grid is that
the system must first determine the resources required
for the program’s execution, including the data that must
be accessed. The information required to perform this
step, which is usually referred to as request
interpretation, is maintained in a certain metadata
catalog [2].

The second step determines where in the wide-area
(possibly worldwide) network the required resources
reside and, based on that, where the program should be



executed. Since data may be replicated at multiple
locations, this determination must rely on some replica
catalog, which maps logical data descriptions to one or
more physical locations [2]. This critical step is called
request planning.

Once the appropriate site has been selected, the
system must develop an execution plan, which drives the
final step of the process called request execution. The
event-driven request execution is performed against the
data of participating sites with the help of some
elaborate data-management facilities, which include data
access and data transfer, as well as storage management
and allocation.

Various dialects of this vision differ with respect to
the general architecture, the subdivision of tasks among
the components, and the interaction between the
components. For example, Foster et al. [4] propose a
layered architecture consisting of the following levels:
fabric (physical resources, catalogs, and code
repositories),  connectivity  (communication  and

authentication middleware services), resource
(computing, storage, access, and network protocols),
collective (replica management, request interpretation,
and request planning), and application (application-
specific services). The European Data Grid architecture
assumes a somewhat different but also layered
organization comprised of many work packages [7].

In order to draw closer attention to the components
of our primary interest, while ignoring the low-level
issues of the fabric and connectivity layers, we assume
here our own dialect of the Data Grid vision illustrated
in Figure 1. This simplified architecture is divided into
three large components, which we call GridAPS (Grid
Application  Services), GridDIS (Grid Directory
Services), and GridDMS (Grid Data-Management
Services). However, in order to avoid cluttering the
figure, some depicted sites include only selected
components.
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Figure 1: A schematic representation of a simplified Data Grid architecture.



In the figure, DSAM and HSAM represent two
components for storage and access management. Both
components are concerned with storage organization and
data access, but they manage data on different types of
storage. The Disk Storage and Access Manager (DSAM)
dynamically handles data on a shared disk. The
Hierarchical Storage and Access Manager (HSAM)
interfaces with the underlying mass storage system to
manage data on tertiary storage. In addition, it manages
a disk cache for temporary storage of files. The indices
for efficient access to the data are also maintained on the
high-speed disk.

In a typical scientific application, each data
item (raw data) is usually depicted by a large number d
of descriptive attributes, generally represented as
numeric or enumerated types. This summary information
is interpreted as a feature vector defining a point in the
d-dimensional space. While the raw data may also be of
interest, the analytical studies are frequently concerned
with summary information [14, 11]. If the analytical
programs use raw data, each raw sample is stored next to
its summary information. Otherwise, the summary items
are organized separately in a way that is convenient for
subsequent querying and analysis.

3. Massive Data and the Data Grid

The performance of the Data Grid operation has a
significant bearing on the success of the Data Grid
initiative. Since much of this performance depends on
how fast one can find the desired items in the large data
repositories, an appropriate storage organization is
critical for the success of the Data Grids. Several
research efforts, directly related to the Data Grid
initiative, deal with the problem of managing massive
data repositories [8, 13, 14]. Yet despite these efforts,
the problem of storage organization is not sufficiently
explored.

One can argue that the problem of massive data can
never be fully resolved outside a distributed and
replicated environment such as the Data Grid. In
conjunction with request planning, data replication
increases the availability of data and, by reducing
network latencies, the performance of analytical
processing. However, the adoption of the appropriate
storage organization is also critically important. This is
because, when the size of a data collection exceeds
certain limits, the capabilities of the given site in a
distributed and replicated environment such as a Data
Grid are determined not only by its computational and

data resources, but also by the way the data is
organized on storage.

For example, a simple temporal ordering of data on
storage is more than adequate for certain tasks that
access data in their temporal order, e.g. data replication
or some complex analysis over the entire repository.
However, when the repository is queried on the intrinsic
properties of data, the items that satisfy the query appear
to be randomly distributed across the storage. Therefore,
a typical query must access many storage units, and
usually only a small fraction of the retrieved data is
relevant. In the Data Grid environments, this not only
adversely affects the performance of analytical
processing, but also has the effect of “blinding” the
process of request planning. As noted earlier, the latter
process selects the execution site for the given program
based in part on an estimate as to how much data will be
accessed.

An alternative idea is to cluster the data on storage
so that a single access to the storage would retrieve an
entire set of similar items [6]. For queries with relatively
good selectivity, a fully clustered organization could
easily generate 2 orders of magnitude fewer accesses to
the storage than the temporal layout of data.
Unfortunately, to cluster large data collections, one
would need considerable computational and storage
resources that may exceed the capabilities of even the
richest super-computing centers. Moreover, since typical
scientific data repositories are not static (data is usually
streaming in over a prolonged period of time), this
would require periodic re-clustering of the entire
repository.

Another approach, exploiting the knowledge of the
future access patterns, is a recurring theme in storage
management. Some data repositories are clustered on a
single feature [15] or a small subset of dimensions that
tend to be restricted by typical queries more often than
others are. However, since the values of the remaining
dimensions become disseminated across the files in a
virtually random fashion, the benefits of such clustering
tend to be limited, and they could easily become lost in
the associated costs.

Further complicating the matter is the fact that
access patterns within or across applications change over
time, sometimes violently. Therefore, any storage
organization chosen for the given repository is likely to
become inappropriate at one time or another. To address
this problem, the data repository should be replicated.
However, since different types of processing may
require radically different storage organizations, the



layout of data on individual replica sites should not be
the same throughout the enterprise.

In this context, the main challenge is to find a
dynamically clustered storage organization that can take
the advantage of any number of dimensions, possibly all
dimensions, of data. In order to avoid a global
restructuring of the data repository on any given site,
while clustering data on any number of dimensions, we
have proposed the idea of two levels of data clustering
[9]. The idea involves a mix of static and dynamic
decisions designed to achieve full benefits of data
clustering at reasonable costs. The organization takes
into account the typical representation of data in a
scientific repository discussed earlier.

In the proposed organization [9], a static partition of
the multi-dimensional space is used to organize data into
clusters corresponding to different regions in the space
(“a priori clustering”). For best results, the space
partition should be derived after clustering an early
sample of summary data. Even though the space
partition is statically defined, the process of a priori
clustering is performed dynamically while the data is
arriving. Depending on the type storage, each a priori
cluster can be maintained in a multi-dimensional index
on disk (e.g., the KDB-tree [12] or R-tree [5]) or a group
of files on tertiary storage.

Subsequently, the data of individual a priori
clusters are organized into sub-clusters, each of which is
assigned to a single unit of storage. This is called “a
posteriori clustering”. If the data is maintained on the
disk, the sub-clusters are formed implicitly by the
indexing technique while the data is inserted. In this
case, each sub-cluster represents a set of items in a

Data
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certain index page. In the case of tertiary storage, a
posteriori clustering necessitates explicit clustering of
data in an a priori cluster. Since at any given time a
posteriori clustering operates on a subset of the data, it
can be performed even in environments with limited
resources.

The idea of the two-level clustering of data raises
several questions. Which strategy should one use to
partition the given space? How would one derive the
appropriate space partition? What mechanism should be
used for clustering of data? The answers to these
questions must take into account environmental
concerns, such as the volume and dimensionality of data
as well as the nature of storage. They must also make
sure that data is clustered on all relevant (externally
selected) dimensions.

4. The D* System

Considering these factors, we have developed a
prototype system for efficient storage and retrieval
multi-dimensional data, called D%*. The current
implementation of the system assumes disk as the
storage media. The basic processes of the system are
illustrated in Figure 2. They include: data clustering, two
variants of space partitioning, initial and incremental
data loading, and data retrieval based on multi-
dimensional region queries and similarity searching.

The data clustering module is based on a new
clustering algorithm, called GARDENyp, which scales
both in terms of the number and dimensionality of data
[10].

“Data-Blind”
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Incremental Data
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Data Loading
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Data Retrieval
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Figure 2: The architecture of the D* system.



This density-based clustering technique is organized
around the idea of data space reduction, i.e. the process
of detecting dense areas (dense cells) in the space. The
method performs an effective and efficient elimination
of empty areas that characterize large multi-dimensional
spaces and an efficient agglomeration of the detected
dense cells into larger clusters. In order to eliminate the
need for dimensionality reduction, the clustering
techniques exploits the properties of the Gamma
partitioning strategy [11], which are discussed below.
The result of GARDENy), is a compact representation of
data that effectively captures the essential properties of
the data distribution.

Operating on the compact representation of data
produced by GARDENyp, the next process of the D*
system performs a data-sensitive (data-aware) space
partitioning using a novel partitioning technique, called
DSGP (Data Sensitive Gamma Partitioning). The
resulting space partition is based on the Gamma
partitioning strategy. It is maintained by a memory-
resident structure called the Gamma Filter. For each
Gamma region, the Gamma Filter dynamically maintains
its live region, i.e. the minimum bounding hyper-
rectangle enclosing all points in the Gamma region.

For the environments where explicit clustering of
data is not possible or viable, the D* system provides an
option of deriving the Gamma space partition “blindly”,
with no insight into the data distribution. This data-blind

space partitioning produces a fixed number of Gamma
regions with equal volume.

In this organization, the Gamma Filter is used to
impose a desirable behavior on traditional multi-
dimensional access methods, such as B*-trees, KDB-
trees, and R-trees, which normally do not exhibit this
behavior in high-dimensional spaces. The space partition
enables all dimensions (in the case of data-blind space
partitioning) or all dimensions that differentiate the data
clusters (in the case of data-sensitive space partitioning)
to contribute to the search process. Due to the effects of
live regions, the Gamma Filter also facilitates a
significant reduction of the search space before
accessing the storage. Moreover, due to the properties of
Gamma partitions [10], the in-memory processing of the
Gamma Filter is very efficient.

Each region in the space partition is assigned a
separate multi-dimensional index. The indices, which are
populated during initial and incremental loading of data,
perform dynamic assignment of multi-dimensional data
to index pages. Even though arbitrary multi-dimensional
access methods can be used in this organization, the D*
system employs the KDB-tree as the underlying access
method in order to eliminate any overlap between the
index regions. The KDB-tree indices perform an implicit
“slicing” of Gamma regions into “tight” index regions
that tend to be restricted along all data dimensions.
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Figure 3: Experimentally observed performance of D* with or without explicit clustering.



The retrieval queries undergo several stages of
refinement, both within the memory-resident Gamma
Filter and the multi-dimensional indices on the disk. The
supported retrieval processes include similarity (k
nearest neighbor) searching and region queries. Fast
computations on the Gamma Filter eliminate from
inspection a potentially large number of data points
without distance calculations. Since the bulk of filtering
is performed in memory, a very good retrieval
performance can be achieved.

In order to observe the effectiveness of the clustered
organization, consider Figure 3, which shows the results
of an experiment on a set of real 54-dimensional data
with 580,900 items, called “covtype”, which was
obtained from the UCI Machine Learning Repository.
The experiment was conducted to compare the
performance of the system with or without explicit
clustering of data, i.e. with the “data-blind” and “data-
aware”  space  partitioning, respectively.  The
performance was measured in terms of the average page
accesses over 100 region queries with a randomly
chosen center. Each query was restricted to 1% of the
total space. The results are compared to simple
sequential scan of the data.

High retrieval performance is only one of many
benefits of the D* system. The system also enables a
tighter coupling between data storage and data mining
technologies. For example, since the GARDENyp
clustering algorithm provides a compact but accurate
insight into the data distribution, it is an effective data-
reduction mechanism. On the reduced representation of
data produced by GARDENyp, other processes of data
preparation (e.g., imputation of missing values and
dimensionality reduction) can be performed both
efficiently and effectively. The D* system can also
facilitate instance-based (k nearest neighbor) data
classification [3] on dynamically growing sets of training
data. As a result, D* can evolve from a storage and
retrieval system into a full-fledged analytical engine for
advanced scientific studies.
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