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ABSTRACT

We investigate runtime strategies for data-intensive appli-
cations that involve generalized reductions on large, dis-
tributed datasets. Our set of strategies includes replicated
filter state, partitioned filter state, and hybrid options be-
tween these two extremes. We evaluate these strategies
using emulators of three real applications, different query
and output sizes, and a number of configurations. We
consider execution in a homogeneous cluster and in a dis-
tributed environment where only a subset of nodes host the
data. Our results show replicating the filter state scales
well and outperforms other schemes, if sufficient memory
is available and sufficient computation is involved to offset
the cost of global merge step. In other cases, hybrid is
usually the best. Moreover, in almost all cases, the per-
formance of the hybrid strategy is quite close to the best
strategy. Thus, we believe that hybrid is an attractive ap-
proach when the relative performance of different schemes
cannot be predicted.

1. INTRODUCTION

One of the major new developments in computer and
computational sciences is the emergence of remote and
distributed data repositories. This development is driven
by the need and feasibility of conducting data-driven sci-
ence [13], where sharing and analysis of large scientific
datasets is used to facilitate and accelerate scientific ad-
vances. With the increasing sizes of datasets, it is gen-
erally impossible to download a dataset and process it
locally. Thus, data has to be accessed and processed in
a distributed environment. The emergence of grid envi-
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ronments [20, 19] gives us an unprecedented opportunity
to flexibly use distributed resources for analyzing datasets
resident in remote data repositories. In recent years, a
number of research projects have focused on providing ser-
vices for resource discovery, authentication and authoriza-
tion, allocation of resources, and secure, efficient, and re-
liable access to resources [13, 18, 19, 32]. However, it still
remains a challenging research problem to efficiently exe-
cute applications in a Grid environment.

In this paper, we develop and evaluate execution strate-
gies for applications that process data resident in reposi-
tories. Our work is based upon the observation that data-
driven applications from many domains including scientific
data analysis, data mining, visualization, and image anal-
ysis [7, 1, 16, 27, 26, 12, 25, 2, 24], frequently involve a
common type of aggregation operations referred to as gen-
eralized reductions.

The most important characteristic of generalized reduc-
tions is that the aggregation operations are commutative
and associative, i.e., the same output value is computed ir-
respective of the order the input data items are aggregated.
This allows for different parallelization strategies. This
paper presents a set of techniques: replicated filter state
(RFS), partitioned filter state (PFS), and a hybrid scheme
which combines the two. Two of the strategies are based
on the replicated and distributed accumulator strategies
in our earlier work [11, 26]. In that work, we evaluated
strategies for an SPMD style program on tightly-coupled,
homogeneous systems. We investigated application of a
hypergraph partitioning strategy on these two approaches
in [10] for partitioning the workload among the nodes on a
homogeneous, distributed memory machine. Although hy-
pergraph partitioning strategy achieves good load balance
and reduces communication, it is an expensive algorithm.
This work differs from the earlier work in the following
ways. 1) We discuss how these techniques can be devel-
oped in the context of a component-based framework de-
signed for application development in distributed and het-
erogeneous environments. 2) We propose a hybrid strategy
that combines the salient features of the two schemes by
first regularly partitioning the accumulator among proces-
sor groups and replicating the accumulator pieces within a
group. 3) We consider scalability in a cluster environment
as well as performance in a distributed environment where
data is distributed between a set of nodes, and another
cluster or set of nodes is used for processing.

We report on a detailed experimental study to under-



O < Output Dataset, I < Input Dataset
1. [S1] < Intersect(I,Query)
(* Initialization *)
2. foreach o. in So do
ae «— Initialize(oe)
(* Reduction *)
foreach i. in S; do
read i.
Sa — Map(ie) NSo
foreach a. in Sx do
ae — Aggregate(ic, ac)
(* Finalization *)
foreach a. in So do
10. 0e < Output(ae)
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Figure 1: The basic processing loop for generalized
reduction operations.

stand the performance trade-offs between these techniques.
We use application emulators based upon three real scien-
tific data processing applications and queries that process
up to several gigabytes of data. The key observations from
our experiments are as follows. Replicating the filter state
or accumulator scales well and outperforms other schemes
if 1) sufficient memory is available to replicate the accu-
mulator, and 2) sufficient computation is involved to offset
the cost of merging the replicated accumulators. In other
cases, the hybrid strategy is usually the best. Moreover, in
almost all cases, the performance of the hybrid strategy is
quite close to the best strategy. Thus, we believe that the
hybrid scheme is an attractive approach when the relative
performance of different schemes cannot be predicted.

The rest of the paper is organized as follows. We present
a more detailed description of reduction operations in Sec-
tion 2. The algorithms developed in this paper is imple-
mented on a component-based system, called DataCutter.
Section 3 gives an overview of this system. Different strate-
gies for executing reductions and their implementation us-
ing DataCutter are described in Section 4. Our experimen-
tal study is presented in Section 5. We compare our work
with related research efforts in Section 6 and conclude in
Section 7.

2. REDUCTION OPERATIONS

Typical examples of applications that make use of large
scientific datasets include satellite data processing applica-
tions, analysis of microscopy data, and simulation systems
for water contamination studies. These and many other
scientific data analysis applications employ generalized re-
duction operations as their core processing structure. Fig-
ure 1 shows the pseudo-code for a generalized reduction
operation.

The input data items selected by a query are retrieved
from storage system and mapped to the corresponding out-
put items (steps 5 and 6). For instance, in a typical analy-
sis of remotely-sensed satellite data, a range query defines
a bounding box that covers a part or all of the surface of
the earth over a period of time [12]. Data items retrieved
from one or more datasets are processed to generate one
or more composite images of the area under study. The
mapping function, Map(i.), may map an input data item
to a set of output data items. In satellite data process-

ing, generating a composite image requires projection of
the selected area of the earth onto a two-dimensional grid.
The mapping step is followed by steps that aggregate all
the input data items that map to the same output data
items (steps 7 and 8). Each pixel in the composite image
is computed by selecting the “best” sensor value that maps
to the associated grid point. The aggregation operation at
step 8 is an associative and commutative operation. That
is, the result of the aggregation is independent of the or-
der input data items are processed. An intermediate data
structure, referred to as an accumulator, can be used to
hold intermediate results during processing. The aggre-
gation function, Aggregate(i.,a.), aggregates the value of
an input item with the intermediate result stored in the
accumulator element (a.). Final results are produced by
post-processing the intermediate results maintained in the
accumulator.

The implementation of generalized reduction operations
in a distributed, and potentially heterogeneous, environ-
ment requires distribution of data and computations to
efficiently utilize aggregate storage space and computing
power, and to minimize I/O and communication overheads.
A possible approach is to make combined use of task- and
data-parallelism. The basic processing steps (i.e., Select,
Read, Map, Aggregate, Output) in generalized reductions
can be implemented as a set of connected components.
For example, Select, Read, and Map operations could be
implemented as a single component and run on the ma-
chines where the dataset is stored. The Aggregate oper-
ation could be a component too. Note that the accumu-
lator structure stores the intermediate results during data
processing in the Aggregate component. In this respect,
the state of the component is maintained in the accumula-
tor data structure. If aggregation operations involve a se-
quence of transformation and reduction operations. These
operations could be implemented as separate components
and executed on machines with powerful processors. Mul-
tiple copies of the aggregate component could be executed
to achieve data parallelism. Similarly, the Output opera-
tion could be another component. In the next section, we
describe a framework and runtime system that supports
development of component-based data-intensive applica-
tions and combined task- and data-parallelism.

3. THE RUNTIME ENVIRONMENT

We have evaluated the strategies described in this pa-
per using a component-based framework. This framework,
called DataCutter [4], supports a filter-stream program-
ming model for developing data-intensive applications that
execute in a distributed, heterogeneous environment. In
this model, the application processing structure is imple-
mented as a set of components, referred to as filters, that
exchange data through a stream abstraction. The interface
for a filter, consists of three functions: (1) an initialization
function (init), in which any required resources such as
memory for data structures are allocated and initialized,
(2) a processing function (process), in which user-defined
operations are applied on data elements, and (3) a finaliza-
tion function (finalize), in which the resources allocated in
init are released. Filters are connected via logical streams.
A stream denotes a uni-directional data flow from one filter
(i.e., the producer) to another (i.e., the consumer). A filter
is required to read data from its input streams and write
data to its output streams only. The current implementa-



tion of the logical stream delivers data in data buffers, and
uses TCP for point-to-point stream communication.

The overall processing structure of an application is re-
alized by a filter group, which is a set of filters connected
through logical streams. When a filter group is instanti-
ated to process an application query, the runtime system
establishes socket connections between filters placed on dif-
ferent hosts before starting the execution of the application
query. Filters placed on the same host execute as separate
threads. An application query is handled as a unit of work
(UOW) by the filter group. An example is a visualization
of a MRI dataset from a viewing angle. The processing of
a UOW can be done in a pipelined fashion; different filters
can work on different data elements simultaneously.

The programming model provides several abstractions
to facilitate performance optimizations. A transparent fil-
ter copy is a copy of a filter in a filter group. The filter
copy is transparent in the sense that it shares the same
logical input and output streams of the original filter. A
transparent copy of a filter can be made if the semantics of
the filter group are not affected. That is, the output of a
unit of work should be the same, regardless of the number
of transparent copies. The filter runtime system main-
tains the illusion of a single logical point-to-point stream
for communication between a logical producer filter and
a logical consumer filter. It is responsible for scheduling
elements (or buffers) in a data stream among the transpar-
ent copies of a filter. For distribution between transparent
copies, the runtime system supports a Round-Robin (RR)
mechanism and a Demand Driven (DD) mechanism based
on buffer consumption rate. DD aims to send buffers to
the filter that will process them fastest. When a consumer
filter starts processing of a buffer received from a producer
filter, it sends an acknowledgment message to the producer
filter to indicate that the buffer is being processed. A pro-
ducer filter chooses the consumer filter with the minimum
number of unacknowledged buffers to send a data buffer
to, thus achieving a better balancing of the load.

DataCutter provides support for task- and data-paralle-
lism. An application can be built from a set of compo-
nents allowing task-parallelism. The transparent copies
enable data-parallelism for execution of a single query,
while multiple filter groups allow concurrency among mul-
tiple queries. In the next section, we describe the dis-
tributed algorithms for generalized reduction operations
and discuss their implementation as DataCutter compo-
nents (filters).

4. PROCESSING STRATEGIES

As we discussed in Section 2, the basic processing steps
(i.e., Select, Read, Map, Aggregate) in generalized reduc-
tions can be implemented as components (filters in Data-
Cutter). For efficient performance, the relative processing
time of the components should be the same, and the time
of each stage should be balanced with respect to the com-
munication cost between components. However, because
of application characteristics, or the heterogeneous nature
of the environment, or a suboptimal placement of com-
ponents, processing is oftentimes not well balanced. This
imbalance and resulting performance penalty can be ad-
dressed using parallelism, by executing multiple copies of
a single filter on a single machine or across a set of host
machines. In this paper, we look at three strategies for em-
ploying parallelism in processing of reduction operations.

Two of the strategies described in this paper are based on
the replicated and distributed accumulator methods devel-
oped in our earlier work (see Figure 2) [11, 26]. The third
strategy combines the two strategies into a hybrid scheme.

4.1 Replicated Filter State (RFS)

This approach replicates a filter and its state (i.e. data
structures that maintain the accumulator) on a single ma-
chine or across multiple machines. Figure 3 illustrates the
replicated filter state strategy (RFS) for an application.
The application processing structure in this example is de-
composed into a pipeline of three filters: (1) a data re-
trieval filter (R), which retrieves data items that intersect
a query, (2) an aggregation filter (A), which implements
the Map and Aggregate operations, and (3) an output fil-
ter (O), which computes the final output from the inter-
mediate results. The aggregation filter maintains an ac-
cumulator structure, denoted by rectangles in the figure,
for intermediate results. In a distributed setting, multiple
copies of R and A filters can be created either explicitly or
using the transparent copies abstraction of the DataCut-
ter framework. Since we assume that operations on data
are commutative and associative, a data buffer, contain-
ing input data elements, from filter R can be consumed
by any copy of filter A. This leads to two main config-
urations. An A filter can be colocated with a R filter
(Figure 3(a)). Data buffers from a R filter are consumed
by the colocated A filter only. The advantage of this strat-
egy is that no interprocessor communication is required for
input data. This strategy is well suited for homogeneous
systems and when data is evenly distributed across all the
nodes in the system. The second strategy allows a buffer
from a R filter to be consumed by any copy of filter A
(Figure 3(b)). The scheduling of buffers can be done using
one of the policies described in Section 3. This strategy
is particularly suitable when the application is executed in
a heterogeneous environment. However, it is likely to in-
cur communication overhead because of input data buffers
sent to non-local copies of filter A and due to the acknowl-
edgment messages in the demand driven policy.

In RFS, when a copy of filter A is instantiated, the inter-
nal state of the filter, i.e., the accumulator data structure,
is replicated. Thus, the filter will not operate correctly
in parallel when its copies are executed, because of inter-
nal state. For example, a filter that attempts to compute
the average size of all buffers will not arrive at the cor-
rect answer, because only a subset of all buffers for a given
unit-of-work are seen at any one copy, hence the internal
sum of buffer sizes is less than the true total. Such cases
require an additional application-specific merge (M) filter
be appended to the stage after the replicated filter so as
to merge partial intermediate results into the final inter-
mediate result.

In the RFS strategy, the overall processing of data is
effectively divided into two phases: a reduction phase, in
which data is processed by transformation and aggrega-
tion filters, and a global combine phase, in which partial
results are merged into the final output. If large amounts
of geographically distributed input data are processed, by
performing most of the data reduction locally, the repli-
cated filter scheme can reduce the volume of communica-
tion significantly. Nevertheless, the global combine phase
is an overhead introduced due to parallelization. There-
fore, this phase should be efficiently carried out, and a
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Figure 2: (a) Distribution of input and output data elements to processors, and the final result to be
obtained after reduction. (b) Replicated Accumulator strategy. In this paper, this strategy is referred to
as replicated filter state strategy. (c) Distributed Accumulator strategy. This strategy is referred to as

partitioned filter state strategy in this paper.

single merge filter will likely become a bottleneck as the
number of copies of filter A is increased. Figure 4(a) shows
a hierarchy of merge filters organized into a tree, where
each pair of A filters is connected to the merge filters at
the leaves of the tree. In this configuration, accumulator
data can be implicitly partitioned into smaller buffers in
each A filter copy and buffers are sent through the tree,
from the leaf nodes to the root node, thus allowing merge
operations at different levels of the tree to be pipelined.
This scheme is referred to as the Pipeline Merge strategy.
An alternative scheme is to implicitly divide the accumu-
lator among a set of merge filters. In the global combine
phase, each copy of filter A sends portions of the accumula-
tor to the corresponding merge filter. This scheme, shown
in Figure 4(b), is called the Distributed Merge strategy.
We have experimentally evaluated the performance of the
two strategies for the global combine phase using both ap-
plication emulators and datasets generated using Uniform
and Gaussian distributions. Our results showed that the
Distributed Merge strategy achieved slightly better perfor-
mance than the Pipeline strategy because it makes better
use of parallelism for the global combine operations. On
a machine with P processors, P — 1 processors are em-
ployed in the global combine phase with the Pipeline strat-
egy, while the Distributed Merge uses all the processors.
Hence, in this paper we have employed the Distributed
Merge strategy. However, there are several cases in which
the Pipeline strategy can be beneficial. For example, if

there is a series of queries being processed, the set of pro-
cessors can be partitioned among the merge and aggrega-
tion filters and the results from a previous query can be
pipelined through the merge filters while the aggregation
filters carry out reduction operations on the current query.
We plan to address a detailed performance comparison of
different global merge strategies in a future work.

4.2 Partitioned Filter State (PFS)

The replicated filter strategy has two main disadvan-
tages. First, since accumulator elements are replicated
across machines, the aggregate memory space is not most
effectively used. The size of the accumulator structure is
limited by the machine with the smallest main memory®.
Second, merging of partial results may create a perfor-
mance bottleneck— as the number of copies of aggregation
filters increases, both the communication and computation
cost of the global combine phase will rise. As an alterna-
tive strategy, we can partition the accumulator maintained
by a filter when multiple copies of the filter are executed.
This scheme eliminates the merge filter.

LThis limitation can be alleviated to some degree by tiling
the accumulator so that each tile can fit in memory. How-
ever, in that case, the overall processing should be exe-
cuted in phases, each of which handles one accumulator
tile, and input elements that map to multiple accumulator
tiles have to be retrieved multiple times from (potentially
distributed and remote) data sources.
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Figure 5 shows an example of the partitioned filter state
strategy. In this example, the accumulator associated with
the aggregation filter A is divided into four separate re-
gions. Each copy of filter A is assigned one of the accu-
mulator regions. Unlike the RFS strategy, a copy of the
producer (reader) filter should explicitly send each buffer
to the corresponding aggregation filter(s). Note that a
mapping function may map an input element to multiple
output elements. If the input elements of a buffer from
filter R map to the accumulator elements assigned to dif-
ferent accumulator regions, the buffer needs to be sent to
all the copies of filter A that are assigned the correspond-
ing accumulator regions.

The main advantages of PF'S are aggregate memory space
is better utilized because the accumulator is partitioned,
and a potential performance bottleneck due to merging of
partial results is mitigated. However, this strategy incurs
communication overhead because buffers from a producer

filter are sent to one or more copies of an aggregation filter.
Moreover, as the number of the copies of filter A increases,
it is likely that a buffer will map to more copies, result-
ing in more communication overhead. Note that a subset
of the copies of filter A can be colocated with one of the
R filters, as in RFS. However, the other copies of filter
R may still have to send some of the local buffers to the
copies of filter A, colocated with a copy of R. In addition
to communication overhead, the PFS strategy may result
in computational load imbalance. If the mapping between
input and output is skewed (i.e. input elements are irreg-
ularly distributed in the output space), some of the copies
of filter A may process more data than other copies.

4.3 Hybrid Strategy (HS)

This strategy combines the RFS and PFS strategies so
as to alleviate performance bottlenecks caused by each
strategy. As for the partitioned filter state strategy, the
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Figure 6: The hybrid strategy. The accumulator is
partitioned horizontally into two regions denoted
by solid rectangles. The first region (the top par-
tition of the accumulator) is replicated on filter
copies A0 and Al, while the second region (the
bottom partition of the accumulator) is replicated
on filter copies A2 and A3.

accumulator data structure is partitioned among a set of
filters, and some of the subregions are replicated as for the
replicated filter state strategy. In general, if P copies of
an aggregation filter are created, where P is the number
of processors, we can organize them into N sets, each of
which consists of M transparent copies of the filter, where
N x M is equal to P. The accumulator is first partitioned
into N regions. A region is assigned to one of the sets, and
replicated across all the copies in that set. Note that in
this case a merge filter is required only among the copies
of a filter that are in the same set. Figure 6 illustrates an
example of the hybrid strategy. In this example, the ac-
cumulator is partitioned into two regions and each region
is replicated across two copies of filter A. There are two
merge filters because of the two sets of filter copies. We
should note that filters A0 and A2 can be colocated with
filter RO, and filters A1 and A3 can be colocated with
filter R1. In that case, the processing can be viewed as
consisting of a reduction phase and a global combine phase
as in the RFS strategy.

When employing the hybrid strategy, we need to deter-
mine which subregions should be replicated, and how many

transparent copies of the corresponding filters should be
created.

In this paper, we develop a hybrid strategy with the goal
of reducing the volume of communication among filters and
to achieve good use of aggregate memory space in the en-
vironment. Such a strategy can be targeted for systems
with relatively slow network bandwidth compared to CPU
power and with small memory space per processor. Ef-
fective use of the aggregate memory space is particularly
important when the accumulator is very large and each
processor has relatively small memory. In that case, the
full accumulator replicated on a processor may use virtual
memory and result in paging to disk. We start with par-
titioning the accumulator into N pieces. Each piece con-
tains M copies so that N x M is equal to P. Note that a
single piece corresponds to the replicated filter state strat-
egy, whereas with P pieces we obtain the partitioned filter
strategy.

The choice of N depends on the query and the configu-
ration of the machine. First, the accumulator for a given
query should be partitioned such that each piece fits in
the local memory of a processor. Second, if the amount of
input data is much larger than that of the output data (or
the size of the accumulator), the number of pieces should
be minimized so that the volume of communication is re-
duced due to input data elements. On the other hand, if
the size of the output is comparable to that of the input
data, the accumulator can be partitioned into more pieces
(thus approaching the partitioned accumulator strategy) in
order to reduce the volume of communication due to the
global combine phase. In our experiments we found that in
regards to these issues, typically choosing N = 2 gave the
best results for the configurations and applications used
in the experiments. Once N is determined, we look at
the volume of communication that will be generated by
each reader filter to each of the pieces. These values can
be computed by performing the mapping between input
and output elements, without running the entire query. In
most of the applications targeted in this work, input data
elements are grouped into data chunks for better I/O per-
formance. Each data chunk is associated with a bounding
box in the underlying multi-dimensional space of the in-
put dataset. The mapping of bounding boxes of input data
chunks to the subregions of the accumulator can be used
to determine the volume of communication. In our exper-
iments, we observed that this phase of the algorithm takes
negligible time. We order the read filters based on the total
volume of communication generated by each filter. Start-
ing from the most communication intensive filter, a filter
is assigned a copy of the piece, for which it generates the
most volume of communication. After all the read filters
are assigned a copy of an accumulator piece, the remain-
ing copies are distributed among the other nodes in the
environment so that each node gets one copy.

Another hybrid strategy could be targeted at reducing
the load imbalance among the filters that process the accu-
mulator. This strategy could be beneficial especially when
the distribution of input data over the output space is
highly skewed, resulting in large computational imbalance,
and complex load balancing algorithms (e.g., hypergraph
based partitioning [10]) are too expensive to apply. Fil-
ter(s) that are most heavily loaded are obvious candidates
for replication. We can consider two ways to detect which
filters are more loaded than other filters. The first ap-



proach uses the history information. That is, during the
execution of a unit-of-work, performance information can
be collected for each aggregation filter. This information
can be used to determine the set of filters to be replicated
for the next unit-of-work. This approach can be beneficial
if there is a correlation between successive units of work.
For example, if a visualization of a three-dimensional vol-
ume is carried out over several time steps, the rendering of
each time step can be considered a unit-of-work. In that
case, it is likely that load distribution will be more or less
the same between two consecutive renderings. The second
approach uses the mapping between input and output el-
ements. Although the second approach requires an extra
step before execution of a unit-of-work, it does not require
the instrumentation of filter codes and does not assume a
correlation between units-of-work. We are planning to look
at the relative performance benefits of the two approaches
in future. Once the subset of filters that should be repli-
cated has been determined, the next question is how many
copies of filters should be instantiated. A possible strategy
keeps the number of filters equal to the number of proces-
sors. Assume the accumulator is initially partitioned into
P subregions, where P is the number of processors. The
subregions assigned to the least loaded filters are combined
into one subregion. The new subregion is assigned to one
filter, and the subregion that is assigned to the most loaded
filter is replicated so as to maintain the total number of fil-
ters at P. This process can be iteratively executed for the
next most loaded filter until the load imbalance between
filters is below a user-defined threshold.

Ideally, a hybrid strategy should target reducing both
the volume of communication and the load imbalance. In
this paper, we use a hybrid strategy that aims to reduce
volume of communication and achieve good use of ag-
gregate system memory. This strategy is beneficial for
systems with slow network bandwidth and small mem-
ory space per processor. Large disk-based storage systems
oftentimes trade network bandwidth and memory space
for more disk storage space. An example is the storage
cluster used in our experiments (see Section 5.1.3), which
has 300GB disk space, but only 512MB main memory, per
node. The nodes are connected via a Fast Ethernet Switch.
On a system with large memory per node and high-end
communication network, a hybrid strategy addressing the
load imbalance problems could be more beneficial.

Analytical cost models can be useful for choosing be-
tween different strategies and determining the values of N
and M for the hybrid strategy. In an earlier work, we ex-
amined models for partitioned and replicated accumulator
strategies [9] when the distribution of input data elements
over the output space is uniform. We were able to show
that under uniform distribution assumptions a simple cost
model could be used to choose between the two strategies
on a given parallel machine. However, when data distri-
butions are irregular and the target systems are hetero-
geneous, the analytical models can become quite compli-
cated. We plan to investigate this issue in a future work.

5. EXPERIMENTAL RESULTS

We have carried out a detailed evaluation of the strate-
gies presented in the paper. Due to limited space, we
briefly describe the overall experimental design and present
some of the experimental results. More detailed descrip-
tion of the experimental setup and additional experimental

results can be found in the technical report version of this
paper [28]. We have evaluated the execution strategies for
different applications, varying the number of processors,
their configuration, and the input dataset sizes.

5.1 Experimental Design

5.1.1 Case Study Applications

Our studies used application emulators, which are based
on three data-intensive applications that involve reduc-
tions. An application emulator preserves the important
computational characteristics of the application, but allows
the input and output sizes to be scaled [34]. By compu-
tational characteristics, we mean the ratios between I/0,
computation, and communication, and regularity or spar-
sity in the processing structure. The three applications we
used were the following:

Satellite Data Processing: A typical analysis processes
data acquired by satellite-based sensors for ten days to a
year and generates one or more composite images of the
area under study [12]. Generating a composite image re-
quires projection of the globe onto a two dimensional grid;
each pixel in the composite image is computed by selecting
the “best” sensor value that maps to the associated grid
point. This application will be denoted by Sat in our de-
scription.

Virtual Microscope: The Virtual Microscope [17] is an
application to support the need to interactively view and
process digitized data arising from tissue specimens. The
raw data for such a system can be captured by digitally
scanning collections of full microscope slides under high
power. The virtual microscope application emulates the
usual behavior of a physical microscope, including contin-
uously moving the stage and changing magnification. This
application will be denoted by VM in our description.

Water contamination studies: Environmental scien-
tists study the water quality of bays and estuaries using
long running hydrodynamics and chemical transport sim-
ulations [27]. The chemical transport simulation models
reactions and transport of contaminants, using the fluid
velocity data generated by the hydrodynamics simulation.
The chemical transport simulation is performed on a dif-
ferent spatial grid than the hydrodynamics simulation, and
also often uses significantly coarser time steps. To facilitate
coupling between these two simulation, there is a need for
mapping the fluid velocity information from the hydrody-
namics grid, averaged over multiple fine-grain time steps,
to the chemical transport grid and computing smoothed
fluid velocities for the points in the chemical transport
grid. This application will be referred to as WCS in our
description.

Although these three applications involve reduction com-
putations on large datasets, they are quite different in
other characteristics. In Sat, the distribution of individ-
ual data items (and of the input data chunks) is irregular.
This is because of the polar orbit of the satellite [12], the
data chunks near the poles are more elongated on the sur-
face of the earth than those near the equator and there are
more overlapping chunks near the poles. The other two ap-
plications are regular in this respect. The input datasets
for those applications are regular dense arrays, which are



partitioned into equal-sized rectangular chunks. In VM, the
execution time is dominated by I/0O, as the amount of com-
putation is small. In comparison, WCS involves significant
amount of computation.

5.1.2 Datasets

In our experiments, we processed a number of queries
for each of these applications. A query typically specifies
a region in space (part of the image or grid), and a subset
of the time domain covered by the dataset (time-steps or
number of days). However, the queries for each application
were processed over fixed-sized datasets. We chose dataset
sizes that cannot be trivially downloaded over the Internet.
The characteristics of the datasets are listed in Table 1.

In order to achieve parallelism when retrieving data from
the storage system, input data chunks should be distributed
across the disks in the system. In this work, the assign-
ment of input chunks to the disks was done using a Hilbert
curve based declustering algorithm [15]. Hilbert curve al-
gorithms have been shown to achieve good 1/O parallelism
for multi-dimensional datasets.

5.1.3 Hardware Configuration

For efficient and distributed processing of datasets avail-
able in a remote data repository, we need high bandwidth
networks and a certain level of quality of service support.
Recent trends are clearly pointing in this direction, for ex-
ample, the five sites that are part of the NSF funded Ter-
agrid project expect to be connected with a 40 Gb/second
network [33]. However, for our study, we did not have ac-
cess to a wide-area network that gave high bandwidth and
allowed repeatable experiments. Therefore, all our experi-
ments were conducted within a single cluster. The cluster,
referred to here as storage cluster, used for our experiment
has 16 nodes, each with one Pentium IIT1 933MHz CPU, 512
MB memory, and three 100 GB hard disks. The nodes are
connected to each other through a 100 Mb Fast Ethernet
switch.

We assumed that input data was available on a subset
of the nodes, and other nodes in the cluster were avail-
able for processing of this data. For the experiments on
scalability analysis, we had all data distributed on 1, 2, 4,
8, and 16 nodes of the cluster, and used the same set of
nodes for all processing. For heterogeneous execution en-
vironment experiments, the data was partitioned among X
nodes, and Y nodes were used as extra processing nodes.
We used four different configurations, denoted by X-Y in
our experiments. For example, in the 4-12 configuration,
data is distributed on 4 nodes, and additional 12 nodes are
used for processing.

5.2 Performance Results

In this section we present an experimental evaluation of
the three strategies. We had three goals in our experi-
ments. We wanted to evaluate

e the scalability of our techniques in a cluster environ-
ment.

e the relative performance of our techniques in a dis-
tributed environment, where data is hosted on one
set of machines, and another cluster is used for pro-
cessing the data.

e the performance of the three strategies as the volume
of input data and the size of accumulator are scaled

proportionately.

Our first set of experiments examines the scalability and
relative performance of the strategies in a cluster environ-
ment. The second set of experiments extends this inves-
tigation to a distributed environment, in which data is
hosted on a set of nodes and processed on another set of
nodes. These set of experiments show that the relative
performance of the PFS and RFS strategies varies as the
number of machines as well as the relative size of input
data and accumulator structure are changed. We observe
that being more flexible, the hybrid strategy can follow
the performance trend of the better of PFS and RFS and
also perform better than both strategies most of the time.
The first two sets of experiments indicate that the sizes
of input and output and the distribution of data have an
impact on the relative performance of the strategies. In
order to further investigate the effect of the size of input
and output data structures on performance, we carry out a
third set of experiments. These experiments illustrate that
the hybrid strategy is a more viable approach, performing
better than both RFS and PFS.

5.2.1 Scalability Studies on a Homogeneous Clus-
ter

The goal of this set of experiments is to evaluate the
scalability of the three strategies in a cluster environment.
For each of the three applications, we considered several
query and output (or accumulator) sizes. To focus on the
more interesting cases, we are only including results from
two of the cases for each of the applications. These cases
are 1) small accumulator and large query, and 2) large
accumulator and small query. Results from the other two
cases are available in a longer version of this paper [28].
The characteristics of the queries used in the experiments
are shown in Table 2. In the table, Query Window denotes
the multi-dimensional bounding box of the query.

The results from these two cases of execution of Sat are
presented in Figures 7 and 8. With large query and small
accumulator (Figure 7), the RFS scheme consistently per-
forms the best. This is because the time required for per-
forming the local reductions dominates the overall execu-
tion time. PFS does not scale well. This is because of two
reasons, high volume of communication between the nodes
reading the data and the nodes performing the reduction,
and load imbalance among the nodes. The hybrid scheme
is able to reduce some of these overheads, and particularly
the hybrid scheme comes very close to RFS on 16 nodes.
The results change significantly with small query and large
accumulator (Figure 8). In this case, the RFS scheme does
not scale well. This is because the time required for merg-
ing the accumulators dominates the reduction time. The
performance of PFS and the hybrid scheme is quite close
to each other. None of the schemes, however, give very
high speedups, as the total amount of work in processing
the query is quite small.

The results from the two cases of execution of VM are
presented in Figures 9 and 10. The results are quite sim-
ilar to what was observed for Sat. With large query and
small accumulator, RFS scales well and outperforms other
schemes. However, with small query, it does not scale well.
In these cases, the hybrid scheme gives the best perfor-
mance. The results from the two cases of execution of WCS
are presented in Figures 11 and 12. The trends are again
quite similar. However, because this application is regu-



Application | Dataset Size | Explanation

Sat 51GB 300 days of global coverage data (a 46,080 X 20, 480 region).
M 53GB 64 slides, each covering a 46, 080 x 46, 080 pixel region.

WCS 50GB 64 time-steps and a 46, 080 x 46, 080 grid.

Table 1: The characteristics of the datasets for different case study applications.
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and small accumulator (Scala-

bility) bility)

lar and involves a significant amount of computation, the
relative performance of the RFS is even better. The hy-
brid scheme is able to improve upon the PFS scheme, by
reducing load imbalance and communication.

Overall, our experiments on studying the scalability of
the techniques show the following. First, the RFS scheme
outperforms other schemes if sufficient memory is avail-
able, and if the amount of processing offsets the merge
costs. In other cases, the hybrid scheme either gives the
best performance or is close to the best scheme. This shows
that if it is not possible to predict the best strategy for a
given query and hardware configuration, using the hybrid
strategy is generally a good option.

5.2.2 Execution in a Distributed Environment

Our second set of experiments evaluated the different
processing strategies in a distributed environment, where
a set of nodes host the data, and another set of nodes are
available for processing of this data. The x-axis in Fig-
ures 13 — 18 is the different X-Y configurations employed
in the experiments, where X processors are used to host
the data and Y additional nodes are used for processing.

We used the same three applications, each with the four
different combinations of input and output sizes. We used
the same query and accumulator sizes we had used for our
previous set of experiments, with the exception of Sat. The
two queries used here corresponded to 3.3 GB and 114 MB
of input data. For the RFS strategy, when additional nodes
are available for processing, we used the demand-driven
scheme, i.e., the chunks read on one node are forwarded
to different nodes based upon the rate they are able to
process them. Again, because of limited space, we will
only present results from two of the four cases, i.e., large
query and small accumulator and small query and large
accumulator.

The results for the two cases for Sat are presented in Fig-
ures 13 and 14. Similar to the previous set of experiments,
the RFS scheme outperforms the others with the large

2
Nodes

Figure 8: Sat with small query
and large accumulator (Scala-
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Figure 9: VM with large query
and small accumulator (Scala-
bility)

query. Here, the PFS scheme performs very poorly, but
the hybrid scheme is quite close to RFS. With small query
and large accumulator, RFS performs poorly, and the per-
formance of PFS and hybrid is quite similar. The results
for the two cases for VM are presented in Figures 15 and 16.
The RFS scheme outperforms others when the query is
large and the accumulator is small. In the other case, the
relative performance of PFS and hybrid also varies. PFS
usually performs the best. However, the hybrid scheme
is close to the best scheme in all cases. The results for
the two cases for WCS are presented in Figures 17 and 18.
Again, RFS is a clear winner when the query is large and
the accumulator is small. In the other case, the hybrid
scheme is either quite close to the best scheme.

5.2.3 Effect of Size of Input Data and Accumulator

As we discussed in Section 4 and as is seen in the first
two sets of experiments, the amount and distribution of
input data as well as the size of the accumulator can have
significant impact on the performance of an application.
The performance of the PFS strategy may suffer from high
communication overhead and load imbalance. RFS can
reduce the overhead that is due to communication of in-
put data elements, but its performance may suffer because
of the overheads in maintaining and combining the repli-
cated accumulator. We can expect that the ratio between
the amount of data read and the size of output can affect
the relative performance of various schemes. If this ratio
is high, RFS can be expected to perform better. How-
ever, RFS does not scale well even if this ratio is kept
constant. To demonstrate this, we conducted an exper-
iment, in which the accumulator size was increased, but
the ratio between the query size and the accumulator size
was kept constant. Corresponding to accumulator sizes of
100 MB, 300 MB, and 600 MB, the size of input data was
1 GB, 3 GB, and 6 GB, respectively. We used Sat with
a 4-12 configuration, where data is stored on 4 nodes and
12 additional nodes are used as compute nodes.



Il RFS

2
Nodes

Figure 10: VM with small query
and large accumulator (Scala-

Figure 11: WCS with large query
and small accumulator (Scala-

W RFS

4 4
Nodes Nodes

Figure 12: WCS with small query
and large accumulator (Scala-

bility) bility) bility)
Large Query/Small Accumulator
Sat VM wCs

Query Window [(0,0)x(8191,4095)] subregion

over 30 days.

[(0,0)x(8191,8191)] subimage
from 30 slides.

[(0,0)x(8191,8191)] subarray
from 50 time steps.

Input Read 1.9GB 1.9GB 1.9GB
Output (Accumulator) Size 25MB 50MB 12MB
Small Query/Large Accumulator
Sat M wCs
Query Window [(0,0)x(8191,4095)] subregion | [(0,0)x(8191,8191)] subimage | [(0,0)x(8191,8191)] subarray
over 1 day. from 3 slides. from 6 time steps.
Input Read 82MB 190MB 227MB
Output (Accumulator) Size 100MB 200MB 48MB

Table 2: The characteristics of queries used in the experiments.

The results are presented in Figure 19. Recall that the
available main memory on each machine is 512 MB. When
the accumulator size is 100 MB, RFS clearly outperforms
PFS, but hybrid is slightly better. As the accumulator size
is increased from 100 MB to 300 MB, the time taken by
each scheme increases consistently by a factor of 3. The
relative performance between the three strategies is the
same. However, as the accumulator size is increased to
600 MB, the overhead of replicating the accumulator be-
comes significant. Because of the effect of virtual memory,
RFS is now the slowest. PFS now has better performance
than RFS. We also observe that if the accumulator size is
increased to 1.2GB, RFS will not run as the processors do
not have sufficient main and virtual memory space to hold
the accumulator. Thus, compared to RFS, PFS is a more
viable strategy for configurations with large accumulator
size and relatively small memory space per processor, as it
uses the aggregate memory space more effectively. How-
ever, our results show that the hybrid strategy is the best
among these schemes. It can make good use of available
aggregate memory by partitioning the accumulator, while
reducing communication overheads and achieving better
load balance by replicating some of the accumulator re-
gions.

6. RELATED WORK

Parallelization of reductions has been widely studied.
Here, we list only a subset of such efforts. Several re-
searchers have focused on improving the performance of ir-
regular applications through compiler analysis and /or run-
time support [14, 23, 35]. Shatdal and Naughton [31] ex-
amine two algorithms for relational group-by queries on

700

Il RFS(DD)
1 pFs
Wl Hybrid

100

300 600
Accumulator Size (MB)

Figure 19: Effect of Scaling Accumulator Size: Sat
in a 4-12 configuration. In this configuration, data
is distributed on 4 nodes, and 12 additional nodes
are used for processing.
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Figure 16: VM with small query
and large accumulator (Dis-
tributed Environment)

distributed-memory systems. Bitton et al. [5] describe two
sorting based algorithms, similar to the two algorithms de-
veloped by Shatdal and Naughton, for a shared disk cache
architecture. Chang et. al. [11, 26] investigate strategies for
performing aggregation operations on multi-dimensional
datasets on distributed-memory systems with a local disk
farms.

As compared to the above (and other similar efforts),
our work is distinct in several ways. Our focus is on data-
intensive applications, and in processing of data accessed
from remote data repositories. Inspector/executor, which
has been the key approach for optimizing irregular reduc-
tions, is generally not applicable in scenarios we are tar-
geting. This is because only a limited information may
be available about datasets in advance, and therefore, so-
phisticated partitioning or runtime preprocessing cannot
be applied. We are also not aware of any previous work
in which the distributed environment of the type we have
considered was used for execution of reduction computa-
tions.

A number of research projects have focused on provid-
ing services for resource discovery, authentication and au-
thorization, resource allocation, and secure, efficient and
reliable access to resources [3, 6, 18, 19, 22, 32]. None of
these applications have, however, examined execution of
reduction computations over large datasets.

Several other projects have certain similarities with Dat-
aCutter. Many projects have used component-based frame-
works as approaches for application development in dis-
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Figure 17: WCS with large query
and small accumulator (Dis-
tributed Environment)
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Figure 18: WCS with small query
and large accumulator (Dis-
tributed Environment)

tributed, heterogeneous environments [8, 21, 30, 29]. The
techniques described and evaluated in this paper can also
be implemented in the context of these systems.

7. CONCLUSIONS

In this paper, we have investigated and evaluated tech-
niques and runtime support for processing of generalized
reductions over datasets stored in repositories. The three
techniques we have examined are, replicated filter state
(RFS), partitioned filter state (PFS), and a hybrid scheme
combining the two.

The key observations from our experiments are as fol-
lows. The relative performance of different techniques de-
pends upon the application, query and output sizes, and
the configuration. However, certain general patterns can
be seen from the results. Replicating the filter state or
accumulator scales well and outperforms other schemes if
1) sufficient memory is available to replicate the accumu-
lator, and 2) sufficient computation is involved to offset
the cost of merging the replicated accumulators. In other
cases, the hybrid strategy is usually the best. Moreover,
in almost all cases, the performance of hybrid strategy is
quite close to the best strategy.

Based upon these observations, we can make certain in-
ferences about the design of software for our target appli-
cations. First, it is clear that a number of different schemes
must be supported as part of the system, to allow efficient
processing for different applications, queries, and configu-
rations. Further, based upon the trends listed above, we



believe that it is possible to automatically choose between
different schemes at runtime. Because the performance of
the hybrid scheme is always competitive, it is an attrac-
tive approach when the relative performance of different
schemes cannot be predicted.
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