
A Runtime Framework for Partial Replication and
Its Application for On-Demand Data Exploration ∗

Sivaramakrishnan Narayanan, Umit Catalyurek, Tahsin Kurc,
Vijay Shiv Kumar, Joel Saltz

Department of Biomedical Informatics, The Ohio State University
Columbus, OH, 43210

{krishnan,umit,kurc,vijayskumar,jsaltz}@bmi.osu.edu

Keywords: data replication, data reorganization, data-
intensive computing.
Abstract Data replication can be used to increase data
availability and to improve I/O performance of read-
intensive applications. We investigate support for par-
tial data replication and data reordering within a generic
runtime framework to provide efficient support for range
queries over scientific datasets on parallel and distributed
storage systems. Replication enables usage of additional
I/O bandwith to answer queries. Re-organization of data
can reduce spurious I/O in storage nodes. An experimen-
tal evaluation of the framework is presented using large
datasets generated in oil reservoir simulation studies.

1 Introduction

In many fields of science, engineering, and medicine, re-
search is increasingly becoming data driven. Datasets may
be generated from large-scale numerical simulations run-
ning on high-performance machines. Such datasets can also
arise in imaging or sensor data associated with geophysical
sensors, satellites, microscopy or imaging devices used in
materials science. Increasing resolution of advanced sen-
sors and more powerful computers have made it possible to
generate collections of these datasets that can easily surpass
tens or hundreds of terabytes in size. The analysis of these
datasets usually involves extracting a region, expressed as a
range query.

Disk space is inexpensive and is continuously getting
cheaper. Through the collective use of multiple disks in the
system, storage clusters provide substantial storage space

∗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.

and high I/O bandwidth. However, software system sup-
port for applications still remains a challenging problem.A
critical step in the analysis of data is to extract the data of
interest from large and potentially distributed datasets and
move it from storage clusters to compute clusters for pro-
cessing. Several optimizations may be used to minimize
the time spent for retrieving the data of interest. Datasets
could be partitioned and declustered across multiple disks
to take advantage of aggregate storage space and I/O band-
width [1–3]. Indices could be built to speed up searches for
data elements that intersect a given query [4].

As an example application scenario, let us consider anal-
ysis of very large simulation datasets from a long-running
environmental simulation application. For instance, a reac-
tive chemical transport simulation for subsurface waterways
simulates multiple chemicals and fluid velocity in a reser-
voir [5]. For large scale studies, the size of a single dataset
can reach tens of terabytes. Common analysis scenarios in-
volve queries for economic evaluation as well as technical
evaluation, such as determination of representative realiza-
tions and identification of areas of bypassed oil. Such anal-
ysis scenarios would represent different types of access into
the dataset. In that case, replicating and reorganizing data
on disk can result in performance gains. Full data repli-
cation considering query access patterns has also been dis-
cussed in literature [6]. The size of datasets under consid-
eration precludes this approach. In this work, we consider
replicating the ’popular’ regions of the dataset on additional
storage nodes. We investigate efficient support for choosing
and creating partial replicas and for query execution with
replicas within a generic runtime framework. An experi-
mental evaluation of the framework is presented using large
datasets generated in oil reservoir simulation studies.



2 Problem Definition

Replication can be done at different levels. The granu-
larity could be at the 1) dataset level, 2) file level, 3) query
level, 4) chunk level, and 5) element (tuple) level. In other
words, at the coarsest granularity, the entire dataset is repli-
cated. This may be unfeasible for large datasets and may
also be unnecessary as not all data elements in a dataset
are accessed with the same frequency. At the other ex-
treme, single data elements can be replicated. However, for
large datasets, it may be expensive to monitor accesses to
all data elements, even though this may minimize storage
space needed for data replication.

We define three entities;data element, chunk and
dataset. The data element is the equivalent of a tuple in a
database. A chunk is the smallest unit of I/O. It is a group-
ing of data elements. A dataset is a collection of chunks.
Let D = {C1, C2, . . . , Cn} be a dataset withn chunks.
Each chunkCi is a set of data elements{ti1, ti2, . . . , tik}
wherek is the size of the chunk. Each chunk is associated
with an I/O costg(Ci) .

⋃
D denotes the set of all data

elements inD . A partial replicaP of D is a non-empty
dataset{P1, P2, . . . , Pm} such that

⋃
P ⊆

⋃
D .

Queries to datasets are usually defined by a declarative
language like SQL. In this work, regardless of the language
the query has been defined in, a queryQ ⊆

⋃
D . We define

three problems in the context of partial replication.

Definition 2.1 (Replica Decision Problem)Given a
datasetD , a cost functiong and a set of all possible
queriesQ with probability distribution f , find a partial
replica set{P0,P1, . . . ,PP } such that the weighted aver-
age execution time (WAET) for queries inQ is minimized.
For a query setQ ,

WAET (Q) =
1

|Q|
×

∑

Q∈Q

f(Q) × QueryCost(Q) (1)

In this problem, two separate questions, what-to-replicate
and where-to-replicate, need to be solved together.

Definition 2.2 (Replication Problem) Given a datasetD
and metadata for partial replication set{P1,P2, . . . ,PP } ,
optimize the execution of repartitioning, reordering,
and transfer operations on data chunks inD and in
{P1,P2, . . . ,PP } so that the total execution time is min-
imized.

Definition 2.3 (Query Execution Problem) Given a
dataset D and its partial replicas {P0,P1, . . . ,PP }
where (D=P0 ) and a query Q ⊆

⋃
D , deter-

mine {A1, A2, . . . , AP } where Ai ⊆ Pi satisfying
Q ⊆

⋃
{A1, A2, . . . AP } such that the query cost is

minimized.

QueryCost(Q) =

P∑

i=1

∑

C∈Ai

g(C) (2)

The problem is to find the set of chunks to be retrieved from
each replica so that query execution cost is minimized and
the query is satisfied.

3 A Middleware Framework for Partial
Replication with Data Reorganization

We develop a runtime framework to facilitate efficient
execution of partial replication of scientific datasets on a
distributed storage and processing platform. Since some of
the tasks of data replication and query execution involve
application-specific or user-defined data structures and al-
gorithms, the framework is designed as a set of customiz-
able services. It is implemented as an extension to the
STORM [7, 8] middleware framework. Scientific datasets
are usually stored in a set of flat files with application-
specific file formats. STORM is a service-based, distributed
middleware that provides basic database support for 1)se-
lection of the data of interestfrom scientific datasets stored
in files and 2)transfer of selected data from storage nodes
to compute nodes for processing. The data of interest is se-
lected based on attribute values or ranges of values.

In this section we present the replica service that has
been implemented within the STORM framework to facil-
itate data replication and execution of queries with repli-
cas. This service consists of three sub-services. Thereplica
identificationservice is tasked with selecting the subset of a
dataset for replication. Thereplica creationservice handles
the creation of a replica from the data subset identified by
the replica identification service. Thequery executionser-
vice is responsible for execution of a query when there are
partial replicas. It determines replicas or subsets of replicas
that can be used to answer the query efficiently.

3.1 Replica Identification

Identification of data subset for replication can be done
at the chunk level. The responsibility of the first sub-service
is to identify which chunks of a dataset will be replicated.
This could be accomplished in several ways. A possible
way is to determine a region of interest given by a represen-
tative query and replicate a subset of chunks in that region.
Another way is to associate a popularity counter with each
chunk based on query history. A subset of the most popular
chunks may be chosen for replication. Our implementation
uses the first technique. The size of the subset is controlled
by replication ratiok . The selection ofk depends on avail-
ability of time and resources. We study the effect of varying
k in our experiments.



3.2 Replica Creation
The replica creation sub-service is tasked to retrieve

chunks identified by the identification sub-service, reparti-
tion and reorder the data elements, compute the declustering
of the data, copy the data to destination nodes, create indices
for the replica, and update the metadata of the original data
to reflect the existence of the replica.

In this paper we investigate two possible repartition-
ing/reordering strategies. The first strategy,uniform par-
titioning, evenly partitions the domain encompassing the
chunks selected for replication into equal multi-dimensional
rectangles, each of which corresponds to a new chunk. Note
that although the dimensions of rectangles are the same,
the number of elements in each chunk may be different
because of a possible non-uniform distribution of data ele-
ments in multi-dimensional space. To address this, the sec-
ond method employs a multi-stage adaptive bisection (re-
ferred to here asrecursive partitioning). The algorithm
starts from one of the dimensions and divides it into sec-
tions such that each section has equal number of data ele-
ments. Next, the algorithm partitions each section along the
next dimension such that each subsection has equal num-
ber of data elements. The algorithm proceeds until all or
user-defined set of dimensions are covered. Each of the
resulting subsections (multi-dimensional rectangles) corre-
sponds to a new chunk. In the current implementation, once
new chunks have been created, a declustering of the chunks
to storage nodes is computed using a Hilbert-curve-based
declustering algorithm [2]. After declustering, indices are
built on the set of new chunks and they are registered as a
new dataset.

An extension to this would be reordering data within
replica chunks and splitting them into smaller chunks. Hi-
erarchical chunking can help reduce spurious I/O especially
when output chunks are large. For example, data within a
chunk could be ordered by a computed attribute and smaller
fixed-size chunks created. Such chunking will reduce the
execution of the range queries involving that computed at-
tribute. Another example is sub-sampling queries of the
form x%2 == 0 can be answered more efficiently if output
chunks are ordered on byx%2 with a small fixed-size.

3.3 Query Execution
When partial replication optimizations are employed, a

query can be answered from various data subsets and repli-
cas of datasets. In addition, it is possible that no single data
subset can fully answer the query. Even more, if data repli-
cas have been created using repartitioning with reordering,
there will not be one-to-one mapping between chunks in the
original dataset and those in the replicas. It is query execu-
tion sub-service’s job to solve this complex problem.

In the step 1, query box is intersected against the original
dataset. This step is actually an index lookup, where an effi-

Inputs:
Q : Query box.
D = {C1, C2, ..., Cn} : original dataset.
R set of replicas.

Algorithm:
1 O ← {Ci|Ci ∈ D andCi ∩ Q 6= ∅}
2 SortR in decreasing order of suitability forQ
3 while O is not emptyAND R is not empty
3.1 R ← dequeue(R)
3.2 Let RC = {Ci|Ci ∈ D was used to create replicaR}
3.3 if RC ∩ O 6= ∅
3.3.1 Process chunks inRC ∩ O from replicaR

3.3.2 O ← O − RC

4 endwhile
5 if O is not empty
5.1 Process chunks inO from D

Figure 1. Query execution algorithm

cient tree based index, such as R-Tree [4], can be used. This
identifies the chunks in the original dataset that intersectthe
query. Replicas are considered in decreasing order of their
suitability to the query. For e.g., Replicas partitioned along
dimensions specified in the query may be considered earlier.
For each replica, the algorithm checks if any chunk that has
been used to create this replica can be used to answer the
query in step 3.3. In step 3.3.1 we process data elements
from replica R , using STORM’s existing services as the
replica is registered as a dataset. In step 3.3.2 we compute
the remaining set of chunks that needs to be processed from
the original dataset. After all replicas are processed, there-
maining original chunks are retrieved and processed to an-
swer the portions of the query that have not been answered
by replicas.

4 Related Work

In the context of replication, most of the previous work
targets issues like data availability during disk and/or net-
work failures, as well as to speed up I/O performance by
creating exact replicas of the datasets [9–14]. File level and
dataset level replication and replica management have been
well studied topics [11, 12]. In the area of partial replica-
tion [9, 13, 14], the focus has been on creating exact replicas
of portions of a dataset to achieve better I/O performance.
In this work, however, the goal is to investigate the partial
replication of datasets by restructuring and reordering the
data.

The Livny Problem presented in [15] relates to the op-
timization of transfer of files to a central location and is a
sub-problem in this context. The query execution problem
presented in this paper resembles the Plank-Beck Problem



in [15, 16]: “Given a single large file divided intok or-
dered segments of uniform length in which each segment
has r replicas distributed across hosts, minimize the time
necessary to deliver each segment in order”1 [15]. In the
Plank-Beck problem, segment replicas are identical. Thus,
there is one-to-many relation between the original data and
replicas, whereas in our problem the relation is more com-
plex many-to-many. The second difference is that the seg-
ments should be delivered in order as per the Plank-Beck
problem [15]. Our problem definition is not strict about the
ordering.

Several research projects have looked at improving I/O
performance using different declustering techniques [1–
3]. Parallel file systems and I/O libraries have also been
a widely studied research topic, and many such systems
and libraries have been developed [17–19]. These sys-
tems mainly focus on supporting regular strided access to
uniformly distributed datasets, such as images, maps, and
dense multi-dimensional arrays.

In data caching context, Dahlin et al. [20] have evalu-
ated algorithms that make use of remote memory in a cluster
of workstations. Franklin et al. [21] have studied ways for
augmenting the server memory by utilizing client resources.
Venkataraman et al. [22] have proposed a new buffer man-
agement policy, which approximates a global LRU page re-
placement policy. These approaches can be employed for
management and replacement of replicas. The main dif-
ference is while data caching maintains output of queries
already executed in the system, data replication aims to im-
prove query execution performance by replicating, reorga-
nizing, and redistributing input data.

5 Experimental Results

We have evaluated our methods using a large dataset
with characteristics similar to those created by oil reser-
voir management applications. All of the experiments were
carried out on 8 nodes in a Linux cluster where each node
has a PIII 933MHz CPU, 512 MB main memory, and three
100GB IDE disks. The nodes are inter-connected via a
Switched Fast Ethernet.

A typical study of oil reservoir management [23] in-
volves a large collection of simulations (also referred to as
realizations) that model the effects of varying oil reservoir
properties (e.g., permeability, oil/water ratio, etc.) over a
long period of time. Simulations are carried out on a three-
dimensional grid. At each time step, the value of seventeen
separate variables and cell locations in 3-dimensional space
are output for each cell in the grid. If the simulation is run in

1It is stated as “Given a piece of content (e.g. a file) that is striped
and replicated in the wide-area, how can that content best bedelivered to a
client?” in [16]

parallel, the data for different parts of the domain can reside
on separate disks or nodes.

We synthetically generated a 0.35TB size dataset, with
the same domain partitioning as the simulator code, so that
we can manage the distribution of attributes for a more con-
trolled experimental environment. Each grid point is stored
as a tuple and each tuple consists of 21 attributes. 16 time
steps worth of data is created using a grid of size1024 ×
1024 × 256 . The data is partitioned into8 × 8 × 256 × 1
size chunks onX , Y , Z andTIME dimensions (attributes).
Each chunk is roughly 1.3MB in size. The metadata associ-
ated with a chunk includes lower and upper bounds of each
attribute along with a(filename,offset, size)triple that is re-
quired to retrieve it. The chunks were declustered across
the data nodes using a Hilbert curve traversal alongX and
Y axes. Each node maintains a local index of its chunks’
metadata. The index takes a query as input and returns the
list of chunks whose bounds intersect with the range of the
query. The attributes that we will focus on areSOIL(oil sat-
uration), which has a uniform distribution in[0, 1] , and the
VX (oil velocity in x-dimension) attribute which has a stan-
dard normal distribution. Queries will be of the formQ =
[(lX , lY , lT , lSOIL, lV X) : (hX , hY , hT , hSOIL, hV X)] .

We used a single representative query to determine a re-
gion of interest. As described in Section 3.1, we consider
the chunks whose bounds intersect with the query. Assume
there areN such chunks. For a replication ratio ofk , we
chooseNk random chunks from this set for replication.
Original chunking of the data is based onX , Y , Z and
TIME attributes. We have created replicas of this dataset by
repartitioning usingSOILandVX attributes. Two partition-
ing schemes have been compared here: uniform partitioning
and recursive partitioning.

Uniform partitioning is a naive method that is insensitive
to the actual distribution of the attribute(s). It involvesdi-
viding up the domain of the attributes into regular, fixed size
partitions. To compute the recursive partition, we randomly
sampled 0.1% of the data in the chosen chunks and recur-
sively divided the space alongSOILandVX dimension. In
both cases we created100 × 10 partitions alongSOILand
VX dimensions.

The end-to-end execution time of the replica creation
process for replication ratios0.25, 0.50, 0.75 and 1.0 are
shown in Figure 2. This corresponds to replica sizes of
10.5GB, 21GB, 31.5GB and 42GB. As seen in the figure,
replica creation time is linear to the ratio of replication.
Note that since the partition is global, there is an exchange
of data among the nodes and hence the process is bounded
by the network bandwidth. The number of tuples replicated
increases linearly with increasing replication ratio.

The recursive partitioning technique is more expensive
than the naive uniform partitioning method because of re-
trieving and processing sample data. However, as Figure 3
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Figure 3. Min and Max chunk sizes in the uni-
form and recursive partitioning.

shows, there is less of a variation in chunk sizes when re-
cursive partitioning is employed. The variation exists be-
cause the partition was based on sample data. One may
be able to reduce the variation by choosing more sample
data to build the partition on. Thus, there is a tradeoff be-
tween speed and accuracy. Uniform partitioning can result
in some chunks having a lot of data while some have little
or no data. We then decluster the resultant replica chunks
using a 2-D Hilbert curve. We noticed that declustering re-
sults in an even distribution of tuples among the nodes for
both partition techniques despite variations in chunk sizes.

We now focus on how we use these replicas to an-
swer queries. In query execution we have used algorithm
displayed in Figure 1. The set of queries we investi-
gate are all within the subregionR = [(0, 0, 0, 0,−5) :
(511, 511, 7, 1.0, 5)] and involve a sliding window in the
VX dimension. SpecificallyQi = [(0, 0, 0, 0.0,−5.0 + i) :
(511, 511, 7, 1.0,−4.75+ i)] wherei is the the query num-
ber.
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Figure 5. Query execution time with different
replicas.

Figure 4 shows the average amount of data read per node
to answer the queries. Figure 5 shows the time taken to
execute the queries. Performance of replication ratios0.5
and 1.0 are shown in the above figures. Since the original
data was not partitioned on the queried attribute, the amount
of spurious I/O is enormous when the original dataset is
used. The replicated data is partitioned alongSOIL and
VX dimensions using both uniform and recursive partition-
ing techniques. This decreases spurious I/O and improves
query performance.

We can see increased benefits for the sliding window
queries as the replication ratio is increased. Comparing the
partition techniques, we can see that at queries around the
mean (Q4, Q5, Q6 ), recursive partition does better since the
partitions along theVX dimension are finer near the dense
areas resulting in less spurious I/O. However, for queries at
the extreme values ofVX, uniform partitioning does better
since recursive partitions are much coarser near the extreme
regions (Q1, Q2, Q3, Q7, Q8, Q9 ) and result in more spuri-
ous I/O.



6 Conclusion and Future Work

We have investigated the benefits of using partial replicas
of very large scientific datasets and the support for efficient
partial replication. We have presented a framework for par-
tial replication and query execution with replicas. We de-
scribed an implementation using a middleware infrastruc-
ture of the framework for multi-dimensional datasets and
range queries. Our experiments on large datasets generated
in oil reservoir simulation studies show that replicas do not
need to be created on faster storage mediums to increase
query performance. Creating replicas with data reorgani-
zation can improve the performance even if the replica is
created on the same storage medium that stores the original
data.

As a future work, we plan to investigate mathematical
models of cost and benefits of creating partial replicas. If
the cost and benefits can be modeled, it would be possible to
create an automated system which will mine query history
and decide to create partial replicas automatically.
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