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Abstract

Applications that make use of very large scientific datasets have become an increasingly important subset of sci-
entific applications. In these applications, datasets are often multi-dimensiond, i.e., data items are associated with
pointsin a multi-dimensional attribute space, and accessto dataitems is described by range queries. The basic pro-
cessing involves mapping input data items to output data items, and some form of aggregation of all the input data
items that project to the each output dataitem. We have developed an infrastructure, called the Active Data Repos-
itory (ADR), that integrates storage, retrieval and processing of multi-dimensional datasets on distributed-memory
paralel architectures with multiple disks attached to each node. In this paper we address efficient execution of range
queries on distributed memory parallel machineswithin ADR framework. We present three potential strategies, and
evauate them under different application scenarios and machine configurations. We present experimental results on
the scalability and performance of the strategies on a 128-node IBM SP.

1 Introduction

Analysis and processing of very large multi-dimensional scientific datasets (i.e. where dataitems are associated with
points in a multi-dimensional attribute space) is an important component of science and engineering. Moreover, an
increasing number of applications make use of very large multi-dimensional datasets. Examples of such datasets
include raw and processed sensor data from satellites [23], output from hydrodynamics and chemical transport simu-
lations [19], and archives of medical images [2]. For example, a dataset of coarse-grained satellite data (with 4.4 km
pixels), covering the whole earth surface and captured over arelatively short period of time (10 days) is about 4.1GB,;
afiner-grained version (1.1 km per pixel) containsabout 65 GB of sensor data. |n medical imaging, the size of asingle
digitized composite side image at high power from alight microscope is over 7GB (uncompressed), and asinglelarge
hospital can process thousands of slides per day.

Many applications that make use of multi-dimensional datasets have several important characteristics. Both the
input and the output are often disk-resident datasets. Applications may use only a subset of al the data available in
input and output datasets. Access to data items is described by a range query, namely a multi-dimensional bounding
box in the underlying multi-dimensional attribute space of the dataset. Only the data items whose associated coordi-
nates fall within the multi-dimensional box are retrieved. The processing structures of these applications also share
common characteristics. Figure 1 shows high-level pseudo-code for the basic processing loop in these applications.
The processing steps consist of retrieving input and output data items that intersect the range query (steps 1-2 and 4—
5), mapping the coordinates of the retrieved input items to the corresponding output items (step 6), and aggregating,
in some way, all the retrieved input items mapped to the same output data items (steps 7-8). Correctness of the output
usually does not depend on the order input data items are aggregated. That is, the aggregation operation is an as-
sociative and commutative operation— the aggregation functions allowed correspond to the distributive and algebraic
aggregation functions defined by Gray et. a [15]. The mapping function, Map(i.), maps an input item to a set of
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O « Output Dataset, I «— Input Dataset
(* Initialization*)
1. foreach o. in O do
2. read o,
3. ae < Initialize(oe)
(* Reduction*)
4. foreach i, in I do
read i,
Sa «— Map(ic)
foreach a. in S4 do
ae «— Aggregate(ic, ae)
(* Output *)
9. foreach a. do
10. 0. <+ Output(a.)
11. writeo,

© N>

Figure 1: The basic processing loop in the target applications.

output items. An intermediate data structure, referred to as an accumulator, is used to hold intermediate results dur-
ing processing. For example, an accumulator can be used to keep a running sum for an averaging operation. The
aggregation function, Aggregate(i., a.), aggregates the value of an input item with the intermediate result stored in
the accumulator element (a.). The output dataset from a query is usually much smaller than the input dataset, hence
steps 4-8 are called the reduction phase of the processing. Accumulator elements are allocated and initialized (step 3)
before the reduction phase. The intermediate results stored in the accumulator are post-processed to produce final
results (steps 9-11).

Some typical examples of applications that make use of multi-dimensional scientific datasets are satellite data
processing applications [1, 8, 30], the Virtual Microscope and analysis of microscopy data [2, 14], and simulation
systems for water contamination studies[19]. In satellite data processing, for example, earth scientists study the earth
by processing remotely-sensed data continuously acquired from satellite-based sensors. Each sensor reading is asso-
ciated with a position (longitude and latitude) and the time the reading was recorded. In atypical analysis[1, 30], a
range query defines a bounding box that covers a part or al of the surface of the earth over a period of time. Data
items retrieved from one or more datasets are processed to generate one or more composite images of the area under
study. Generating a composite image requires projection of the selected area of the earth onto a two-dimensional
grid [36]; each pixel in the composite image is computed by selecting the “best” sensor value that maps to the asso-
ciated grid point. Another example is the Virtual Microscope [2, 14], which supports the ability 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 dlides under high power. The digitized images from a slide are effectively a
three-dimensional dataset, since each dide can contain multiple two-dimensional focal planes. At the basic level, a
range query selects a region on a focal planein a dide. The processing for the Virtual Microscope requires project-
ing high resolution data onto a grid of suitable resolution (governed by the desired magnification) and appropriately
compositing pixels mapping onto a single grid point, to avoid introducing spurious artifactsinto the displayed image.

We have devel oped an infrastructure, called the Active Data Repository (ADR) [ 7], that integrates storage, retrieval
and processing of large multi-dimensional datasets on distributed memory parallel architectures with multiple disks
attached to each node. ADR targets applications with the processing structure shown in Figure 1. ADR is designed
as a set of modular services implemented in C++. Through use of these services, ADR allows customization for
application specific processing (i.e. the Initialize, Map, Aggregate, and Output functions), while providing support
for common operations such as memory management, data retrieval, and scheduling of processing across a parallel
machine. The system architecture of ADR consists of a front-end and a parallel back-end. The front-end interacts
with clients, and forwards range queries with references to user-defined processing functions to the parallel back-
end. During query execution, back-end nodes retrieve input data and perform user-defined operations over the data



items retrieved to generate the output products. Output products can be returned from the back-end nodes to the
requesting client, or stored in ADR. We have demonstrated [7, 19] that ADR achieves good performance for a variety
of applications, including satellite data processing, archiving and processing of medical imagery, and coupling multiple
simulations[2, 8, 19].

In this work, we discuss optimizing the execution of range queries (i.e. the processing loop shown in Figure 1) on
distributed memory parallel machines within the ADR framework. We describe three potential strategies for efficient
execution of such queries. We evaluate scalability of these strategies for different application scenarios, varying both
the number of processors and the input dataset size, using application emulators [37] to generate various application
scenarios for the applications classes that motivated the design of ADR. An application emulator provides a parame-
terized model of an application class; adjusting the parameter values makes it possibleto generate different application
scenarios within the application class and scale applicationsin a controlled way. We present experimental evaluation
of the three strategies on a 128-node IBM SP.

2 Query Executionin ADR

2.1 The Active Data Repository

The system architecture of Active Data Repository (ADR) [6, 7] consists of a front-end and a parallel back-end.
The front-end interacts with client applications and relays the range queries to the back-end, which consists of a
set of processing nodes and multiple disks attached to these nodes. During query processing, the back-end nodes
are responsible for retrieving the data items that intersect the range query and performing user-defined Initialize,
Map, Aggregate, and Output functions over the data items retrieved to generate the output products. ADR has been
developed as a set of modular servicesin C++. The ADR services include:

o Attribute space service manages the registration and use of multi-dimensional attribute spaces and user-defined
mapping functions (M ap). An attribute space is specified by the number of dimensions and the range of values
in each dimension.

e Dataset service manages the datasets stored on the ADR back-end and provides utility functions for loading
datasets into the ADR back-end. ADR expects each of its datasets to be partitioned into data chunks, each
chunk consisting of one or more data items from the same dataset.

e Indexing service manages various indices (default and user-provided) for the datasets stored in the ADR back-
end. Anindex returnsthe disk locations of the set of data chunksthat contain dataitemsthat fall inside the given
multi-dimensional range query.

o Data aggregation service manages the user-provided functions Initialize and Aggregate to be used in aggre-
gation operations, and Output functionsto generate the final outputs. It also encapsul ates the data types of both
theintermediate results (accumulator) used by these functionsand the final outputsgenerated by these functions.

e Query planning service determines a query plan to efficiently process a set of queries based on the amount of
available resources in the back-end. A query plan specifies how the final output of each query is computed and
the order input data chunks are retrieved for processing.

e Query execution service manages all the resources in the system and carries out the query plan generated by
the query planning service. It is also responsible for returning the final output of a given query to its specified
destination. If a new output dataset is created or an existing dataset is updated, the results can be written back to
disks. The output can also be returned to the client from the back-end nodes, either through a socket interface
or via Meta-Chaos [11]. The socket interface is used for sequential clients, while the Meta-Chaos interface is
mainly used for parallel clients.

Through use of these services, ADR alows customization for application specific processing (i.e. Initialize,
Map, Aggregate, and Output functions), while providing support for common operations such as memory manage-
ment, data retrieval, and scheduling of processing across a parallel machine. Figure 2 shows the architecture of an
application implemented as a customized ADR instance.

We now describe how datasets are stored in ADR, and the ADR query planning and query execution services in
more detail.
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Figure 2: A complete application suite implemented as a customized ADR application. The shaded bars represent
functionsadded to ADR by the user as part of the customization process. Client A isa sequential program while client
B isaparallel program.

2.2 Storing Datasetsin ADR

Loading a dataset into ADR is accomplished in four steps. (1) partition a dataset into data chunks, (2) compute
placement information, (3) move data chunksto the disks according to placement information, and (4) create an index.
A dataset is partitioned into a set of chunks to achieve high bandwidth dataretrieval. A chunk consists of one or more
data items, and is the unit of I/O and communication in ADR. That is, a chunk is always retrieved as a whole during
guery processing. As every dataitem is associated with a point in a multi-dimensional attribute space, every chunk is
associated with a minimum bounding rectangle (MBR) that encompasses the coordinates (in the associated attribute
space) of al the items in the chunk. Since data is accessed through range queries, it is desirable to have data items
that are close to each other in the multi-dimensional space in the same chunk. The placement information describes
how data chunks are declustered and clustered across the disk farm. Chunks are distributed across the disks attached
to ADR back-end nodes using a declustering algorithm [12, 21] to achieve I/O parallelism during query processing.
Each chunk is assigned to a single disk, and isread and/or written during query processing only by the local processor
towhich the disk is attached. If a chunk isrequired for processing by one or more remote processors, it is sent to those
processors by the local processor viainterprocessor communication. After al data chunks are stored into the desired
locationsin the disk farm, an index (e.g., an R-tree) is constructed using the MBRs of the chunks. The index is used
by the back-end nodes to find the local chunks with MBRs that intersect the range query.

2.3 Query Planning

A plan specifies how parts of the final output are computed and the order the input data chunks are retrieved for
processing. Planning is carried out in two steps; tiling and workload partitioning. In the tiling step, if the output
dataset istoo large to fit entirely into the memory, it is partitioned into tiles. Each tile, O , contains a distinct subset of
the output chunks, so that the total size of the chunksin atileisless than the amount of memory available for output
data. Tiling of the output implicitly resultsin atiling of the input dataset. Each inputtile, I ;, containsthe input chunks
that map to the output chunksin tile, O ;. During query processing, each output tile is cached in main memory, and
input chunks from the corresponding input tile are retrieved. Since a mapping function may map an input element to
multiple output elements, an input chunk may appear in more than one input tile if the corresponding output chunks
are assigned to different output tiles. Hence, an input chunk may be retrieved multiple times during execution of the
processing loop. Figure 3 illustrates the processing loop with tiled input and output datasets.

In the workload partitioning step, the workload associated with each tile (i.e. aggregation of data items in input
and accumulator chunks) is partitioned across processors. This is accomplished by assigning each processor the
responsibility for processing a subset of the input and/or accumulator chunks.



(* Output and Input Dataset Tiles*)
Otites {Of} and Iyjpes — {If} for1<t< N
1. foreach [Oy, It] in [Oyjies tites] O
(* Initialization*)
foreach o. in O, do
read o,
ac «— Initialize(o.)
(* Reduction*)
5. foreachi.in I; do
6 read i,
7. Sy Map(i.) N O
8
9

AW

foreach a. in S4 do
ac «— Aggregate(ic, ac)
(* Output *)
10. foreach a. do
11. o, « Output(a.)
12. writeo,

Figure 3: Basic processing loop with tiled input and output datasets. NV isthe total number of tiles after tiling step. i .,
o, and a. denoteinput, output, and accumulator chunks, respectively.

2.4 Query Execution

Execution of a query in ADR is done through the query execution service, which manages all the resources in the
system and carries out the query plan generated by the query planning service. The primary feature of the query
execution service is its ability to integrate data retrieval and processing for a wide variety of applications. Thisis
achieved by pushing processing operations into the storage manager and allowing processing operations to access the
buffer used to hold data arriving from disk. As a result, the system avoids one or more levels of copying that would
be needed in a layered architecture where the storage manager and the processing belonged to different layers. The
processing of a query on a back-end processor progresses through four phases for each tile:

1. Initialization. Accumulator chunksin the current tile are allocated space in memory and initialized. If an exist-
ing output dataset is required to initialize accumulator elements, an output chunk is retrieved by the processor
that has the chunk on itslocal disk, and the chunk is forwarded to the processors that requireit.

2. Local Reduction. Input data chunks on the local disks of each back-end node are retrieved and aggregated into
the accumulator chunks allocated in each processor’'s memory in phase 1.

3. Global Combine. If necessary, results computed in each processor in phase 2 are combined across all processors
to compute final results for the accumulator chunks.

4. Output Handling. The final output chunks for the current tile are computed from the corresponding accumu-
lator chunks computed in phase 3. If the query creates a new dataset, output chunks are declustered across the
available disks, and each output chunk is written to the assigned disk. If the query updates an aready existing
dataset, the updated output chunks are written back to their original locations on the disks.

A query iterates through these phases repeatedly until all tiles have been processed and the entire output dataset has
been computed. Note that the reduction phase in Figure 3 is divided into two phases, local reduction and global
combine. Thisisaresult of workload partitioning for parallel query execution, as will be discussed in Section 3.

To reduce query execution time, ADR overlaps disk operations, network operations and processing as much as
possible during query processing. Overlap is achieved by maintaining explicit queues for each kind of operation (data
retrieval, message sends and receives, data processing) and switching between queued operations as required. Pending
asynchronous I/O and communication operations in the operation queues are polled and, upon their completion, new



1. Menory = Minimum of the size of memory over al processors (for holding accumulator chunks)
2. Tile=1,MenoryUsed =0
3. while (thereis an unassigned output chunk)
4. Select an output chunk C
5. ChunkSi ze = Size of the accumulator chunk correspondingto C
6. if (ChunkSi ze+Menor yUsed) > Menory)
7 Tile=Tile+1
8. Menor yUsed = ChunkSi ze
9. else
10. Menor yUsed = Menor yUsed + ChunkSi ze
11. Assignchunk CtotileTi | e
12.  Letk bethe processor that ownsthe chunk C
13. Add chunk Cto the set of local accumulator chunksof k for tile Ti | e
14. Add chunk Cto the set of ghost chunkson all other processorsfor tile Ti | e
15. Add the set of local input chunksof k that map to chunk Cto the

set of input chunksto be retrieved by k during query executionfor tile Ti | e
16. end while

Figure 4: Tiling and workload partitioning for the fully replicated accumulator strategy.

asynchronous operationsare initiated when more work is expected and memory buffer spaceis available. Data chunks
are therefore retrieved and processed in a pipelined fashion.

3 Query Processing Strategies

In thissection we describe three query processing strategies that use different workload partitioning and tiling schemes.
To simplify the presentation, we assume that the target range query involves only one input and one output dataset.
Both theinput and output datasets are assumed to be already partitioned into chunks and declustered acrossthe disksin
the system. In the following discussions we assume that an accumulator chunk is alocated in memory for each output
chunk to hold the partial results, and that the total size of the accumulator exceeds the aggregate memory capacity of
the parallel machine, so that tiling is needed.

We define alocal input/output chunk on a processor as an input/output chunk stored on one of the disks attached
to that processor. Otherwise, it isaremote chunk. A processor owns an input or output chunk if it isalocal input or
output chunk. A ghost chunk (or ghost cell) isan accumulator chunk allocated in the memory of a processor that does
not own the corresponding output chunk.

In the tiling phase of all the query strategies described in this section, we use a Hilbert space-filling curve [12, 13,
21] to order the output chunks. Our goa is to minimize the total length of the boundaries of the tiles, by assigning
spatially close chunks in the multi-dimensional attribute space to the same tile, to reduce the number of input chunks
crossing one or more boundaries. The advantage of using Hilbert curves is that they have good clustering proper-
ties[21], since they preserve locality. In our implementation, the mid-point of the bounding box of each output chunk
is used to generate a Hilbert curve index. The chunks are sorted with respect to thisindex, and selected in this order
for tiling (e.g., step 4 in Figure 4). The current implementation, however, does not take into account the distribution
of input chunks in the output attribute space, so for some distributionsof the input datain its attribute space there can
till be many input chunks intersecting multipletiles, despite a small boundary length.

3.1 Fully Replicated Accumulator (FRA) Strategy

In this scheme each processor is assigned the responsibility to carry out processing associated with its local input
chunks. Figure 4 shows the tiling and workload partitioning step for this strategy. The accumulator is partitioned into
tiles, each of which fitsinto the local memory of a single back-end processor. When an output chunk is assigned to a
tile, the corresponding accumulator chunk is put into the set of local accumulator chunks in the processor that owns
the output chunk, and is assigned as a ghost chunk on all other processors. This scheme effectively replicates al of
the accumulator chunks in atile on each processor, and each processor generates partial results using itslocal input



1. for (each processor p)

Menor y(p) = Sizeof memory on p (for holding accumulator chunks)
2. Tile=1MenoryFull =0
3. while (thereis an unassigned output chunk)
4. Select an output chunk C
5. Let S, bethe set of processorshaving at least one input chunk

that projectsto chunk C
6 ChunkSi ze = Size of the accumulator chunk correspondingto C
7. for (pin S,)
8. if (Menory(p) —ChunkSi ze) < 0) MenoryFul | =1
9. if (MenoryFul | ==1)
10. Tile=Tile+1
11. for (pin S,) Memory(p) = (size of memory on p) — ChunkSi ze
12. for (p notin S,) Menor y(p) = sizeof memory onp
13. MenmoryFul | =0
14. dse
15. for (pin S,) Menmory(p) =Menory(p) — ChunkSi ze
16. Assignchunk CtotileTi l e
17.  Letk bethe processor that owns output chunk C
18. Add chunk Cto the set of local accumulator chunksof k for tile Ti | e
19. Add chunk Cto the set of ghost chunkson each processor in S, for tileTi | e
20. Add the set of local input chunksof k that map to output chunk Cto

the set of input chunksto beretrieved by k during query execution

21. end while

Figure 5: The tiling and workload partitioning step for the sparsely replicated accumulator strategy.

chunks. These partial results are combined into the final result in the global combine phase of query execution. Ghost
chunks are forwarded to the processors that own the corresponding output (accumulator) chunks to produce the final
output product.

Executing step 15 of the while loop requires either an efficient inverse mapping function or an efficient search
method, either of which must return the input chunks that map to a given output chunk. In some cases it may be less
expensive to find the projected output chunks for each input chunk. For example, the input chunks may be irregularly
and sparsely distributed in the input attribute space, while the output may be a dense and regular array such as a
raster image, with the output chunks as regular subregions of the array. In such cases, step 15 can be carried out in a
separate loop, iterating over input chunks, finding the output chunks they map to, and adding the input chunks to the
appropriatetiles. To run step 15 as a separate |oop, the implementation must store the assigned tile number with each
output chunk.

3.2 Sparsely Replicated Accumulator (SRA) Strategy

The fully replicated accumulator strategy eliminates interprocessor communication for input chunks, by replicating
all accumulator chunks. However, thisis wasteful of memory, because the strategy replicates each accumulator chunk
in every processor even if no input chunks will be aggregated into the accumulator chunks in some processors. This
results in unnecessary initialization overhead in the initialization phase of query execution, and extra communication
and computation in the global combine phase. The available memory in the system also is not efficiently employed,
because of unnecessary replication. Such replication may result in more tilesbeing created than necessary, which may
cause a large number of input chunks to be retrieved from disk more than once. The tiling and workload partitioning
step of the sparsely replicated accumulator strategy is shownin Figure 5.

In this strategy, a ghost chunk is allocated only on processors owning at least one input chunk that projects to
the corresponding accumulator chunk. Replicating accumulator chunks sparsely in thisway requires that we find the
corresponding set of processors for each output chunk during the tiling step (step 5 in Figure 5). Aswas stated in the
previous section, sometimes it may be easier to find the projected output chunks for each input chunk. For those cases,
an aternative solution is to maintain alist for each output chunk to store the set of processors that require allocating



1. for (each processor p)

2. Menory(p) = Sizeof memory on p (for holding accumulator chunks)
3. Tile(p) =1

4. while (there is unassigned output chunk)

5. Select an output chunk C

6. Let p be the processor that owns chunk C

7 ChunkSi ze = Size of the accumulator chunk correspondingto C

8 if (Menory(p) —ChunkSi ze) < 0)

9. Tile(p) =Tile(p) +1
10. Menor y(p) = (sizeof memory onp) — ChunkSi ze
11. dse

12. Menory(p) =Menory(p) — ChunkSi ze
13.  Assignchunk CtotileTi | e(p)
14. Add chunk Cto the set of local accumulator chunksof p for tile Ti | e( p)
15. Add al thelocal and remote input chunksthat map to chunk C

to the set of input chunksto be retrieved and processed by p for Ti | e( p)
16. end while
17.Ti | e = maximumover pof Til e(p)

Figure 6: The tiling and workload partitioning step for the distributed accumulator strategy.

an accumulator chunk. The list is created prior to the tiling step by iterating over the input chunks, projecting them to
output chunks, and storing the result (processor id) with each output chunk.

3.3 Distributed Accumulator (DA) Strategy

In this scheme the output (accumulator) chunks in each tile are partitioned into digjoint sets, referred to as working
sets. Each processor is given the responsibility to carry out the operations associated with the output chunks in a
working set. The tiling and workload partitioning step is shown in Figure 6. Output chunks are selected (step 5) in
Hilbert curve order, as for the other two schemes. In the algorithm shown in Figure 6, the working set of a processor
for atileis composed of only the local output chunksin that processor. Local chunks for each processor are assigned
to the same tile until the memory space allocated for the accumulator on that processor is filled.

In the DA strategy accumulator chunks are not replicated on other processors, thus no ghost chunks are allocated.
This allows the DA strategy to make more effective use of the overall system memory by assigning more chunksto a
tile, as aresult produce fewer tilesthan the other two schemes. Therefore, fewer input chunks are likely to be retrieved
for multipletiles in this scheme than the other two schemes. Furthermore, DA avoids interprocessor communication
for accumulator chunks during the initialization phase and for ghost chunks during the global combine phase, and
also requires no computation in the global combine phase. The FRA and SRA strategies eliminate interprocessor
communication for input chunks, by replicating all accumulator chunks. On the other hand, the distributed accumul ator
strategy introduces communication in thelocal reduction phase for input chunks; all the remote input chunks that map
to the same output chunk must be forwarded to the processor that owns the output chunk. Since a mapping function
may map an input chunk to multiple output chunks, an input chunk may be forwarded to multiple processors.

Figure 7 illustrates FRA and DA strategies for an example application. A possible distribution of input and output
chunksto the processorsisillustrated at the top. Input chunks are denoted by triangles while output chunks are denoted
by rectangles. The fina result to be computed by reduction (aggregation) operationsis also shown.

4 Experimental Results

We present an experimental evaluation of the three query execution strategies on a 128-node IBM SP multicomputer.
Each node of the SP is a thin node with 256 MB of memory; the nodes are connected via a High Performance Switch
that provides 110MB/sec peak communication bandwidth per node. Each node has one loca disk with 500MB of
available scratch space. We alocated 225MB of that space for the input dataset and 25MB for the output dataset for
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Figure 7: FRA strategy (left) and DA strategy (right).

these experiments. The AIX filesystem on the SP nodes uses a main memory file cache, so we used the remaining
250MB on the disk to clean the file cache before each experiment to obtain more reliable performance results.

We eval uate the query execution strategiesfor different application scenarios, varying the number of processorsand
theinput dataset size. We used application emulators[37] to generate various appli cation scenarios for the applications
classes that motivated the design of ADR (see Section 1). An application emulator provides a parameterized model of
an application class; adjusting the parameter values makes it possible to generate different application scenarios within
the application class and scale applicationsin a controlled way. The assignment of both input and output chunksto the
disks was done using a Hilbert curve based declustering algorithm [12].

Table 1 summarizes dataset sizes and application characteristicsfor three application classes; satellitedata process-
ing (SAT), analysis of microscopy data with the Virtual Microscope (VM), and water contamination studies (WCS).
The output dataset size remained fixed for all experiments. The column labeled Fan-in shows the average number of
input chunks that map to each output chunk, while the Fan-out column shows the average number of output chunks
to which an input chunk maps for both the smallest and largest input datasets. The last column shows the com-
putation time per chunk for the different phases of query execution (see Section 2.4); 1-LR-GC-OH represents the
Initialization-Loca Reduction-Globa Combine-Output Handling phases. The computation times shown represent the
relative computation cost of the different phases within and across the different applications. The LR value denotes
the computation cost for each intersecting (input chunk, accumulator chunk) pair. Thus, an input chunk that mapsto a
larger number of accumulator chunkstakes longer to process. Inall of these applicationsthe output datasets are regular
arrays, hence each output dataset is divided into regular multi-dimensional rectangular regions. The distribution of the
individual data items and the data chunks in the input dataset of SAT isirregular. Thisis because of the polar orbit
of the satellite [23]; the data chunks near the poles are more elongated on the surface of the earth than those near the
equator and there are more overlapping chunks near poles. The input datasets for WCS and VM are regular dense
arrays, which are partitioned into equal-sized rectangular chunks. We selected the values for the various parameters to
represent typical scenarios for these application classes on the SP machine, based on our experience with the complete
ADR applications.

Figure 8 shows query execution times for the different applications. The graphs in the left column display the
performance of the different strategies when the input dataset size is fixed at the minimum values shown in Table 1,



Input Dataset Output Dataset Computation
Num. of Tota Num. of | Total Average Average | (in milliseconds)
App. Chunks Size Chunks | Size Fan-in Fan-out | I-LR-GC-OH
SAT | 9K -144K | 1.6GB —26GB 256 25MB | 161-1307 4.6 1-40-20-1
WCS | 75K —-120K | 1.7GB —27GB 150 17MB | 60-960 12 1-20-1-1
VM 4K — 64K 1.5GB - 24GB 256 48MB | 16-128 1.0 1-5-1-1

Table 1: Application characteristics.

varying the number of processors. As is seen from the figure, execution time decreases with increasing number
of processors. The FRA and SRA strategies achieve better performance than the DA strategy on small numbers
of processors for the SAT and WCS applications. However, the difference between DA and the other strategies
decreases as the number of processors increases. This is because both communication volume and computation time
per processor for DA decrease as the number of processors increases, whereas the overheads from theinitializationand
global combine phases for FRA and SRA remain almost constant. The graphsin the right column in Figure 8 display
query execution time when the input dataset is scaled with the number of processors. As is seen from the figure,
execution time increases for DA as the number of processors (and dataset size) increases, whereas it remains almost
constant for the FRA and SRA strategies for the SAT and WCS applications. Thisis because the DA strategy has both
higher communication volume and more load imbalance than the FRA and SRA strategies. For VM, we observed a
large fluctuation in 1/O times across processors, especially for large configurations, even though each processor reads
the same amount of data. That is why overall execution time increases, although it should remain approximately the
same. We would expect that the DA strategy should achieve better performance for VM, since the computation cost
per block in VM issmall, and it is a highly regular application with low fan-out of an input block to output blocks.

Figures 9(a)-(d) display the change in volume of communication and computation time per processor for fixed
and scaled input datasets on varying number of processors. Note that all strategies read the same amount of data from
disks. However, the volume of communication for DA is proportional to the number of input chunks on each processor
and the average fan-out of each input chunk, whilefor FRA it is proportional to the total number of output chunks. As
isseen in Figure 9(a), as the number of processors increases, communication volumefor DA decreases since there are
fewer input chunks per processor, while communication volume remains almost constant for FRA. On the other hand,
as seen in Figure 9(b), the volume of communication for DA increases for scaled input size.

The volume of communication for SRA implicitly depends on the average fan-in of each output chunk. If fan-inis
much larger than the number of processors, it islikely that each processor will have input chunks that map to al output
chunks. Thus, in such cases, SRA performance isidentical to FRA. When the number of processorsis greater than the
fan-in, there will be fewer ghost chunks than there are output chunks for SRA, thus resulting in less overhead in the
initialization and global combine phases than for FRA. This effect is observed for VM for 32 or more processors, and
for WCS for 64 or more processors. Asis seen in Figure 9(c)-(d), the computation time does not scale perfectly. For
DA thisis because of load imbalance incurred during the local reduction phase, while for FRA and SRA it is dueto
constant overheads in the initialization and global reduction phases.

5 Reated Work

Severa runtime support libraries and file systems have been developed to support efficient 1/0 in a parallel environ-
ment [4, 9, 16, 18, 24, 28, 34, 35]. These systems mainly focus on supporting regular strided access to uniformly
distributed datasets, such asimages, maps, and dense multi-dimensiona arrays. They also usually provide a collective
I/O interface, in which al processing nodes cooperate to make a single large 1/O request. ADR differs from these
systems in several ways. First, ADR is ableto carry out range queries directed at irregular spatially indexed datasets.
Second, computation is an integral part of the ADR framework. With the collective 1/O interfaces provided by many
paralel 1/0 systems, data processing usually cannot begin until the entire collective I/O operation completes. Third,
data placement algorithms optimized for range queries are integrated as part of the ADR framework.

The increasing importance of multi-dimensional datasets has been recognized by several database research groups
and multiple systems have been devel oped for managing and/or visualizingthem [3, 17, 20, 26, 32]. In addition, com-
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Figure 8: Query execution time for various applications with fixed input size (Ieft), and scaled input size (right).
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mercial object-relational database systems provide some support for managing multi-dimensional datasets (e.g., the
SatialWare DataBlade Module [31] for the Informix Universal Server and the Oracle 8 Spatial data cartridge [25]).

These systems, however, focus on lineage management, retrieval and visualization of multi-dimensional datasets. They
provide little or no support for analyzing or processing these datasets — the assumption is that thisis too application-

specific to warrant common support. As a result, applications that process these datasets are usually decoupled from
data storage and management, resulting in inefficiency dueto copying and loss of locality. Furthermore, every applica-
tion devel oper has to implement complex support for managing and scheduling the processing. The main performance
advantage of ADR comes from integrating complex processing with the retrieval of stored data.

Parallel database systems have been a magjor topic in the database community [10] for a long time, and much
attention has been devoted to the implementation and scheduling of parallel joins[22, 27]. Asin many paralél join
algorithms, our query strategies exploit parallelism by effectively partitioning the data and workload among the pro-
cessors. However, the characteristics of the distributive and algebraic aggregation functions allowed in our queries
enable deployment of more flexible workload partitioning schemes through the use of ghost chunks. Several extensi-
ble database systems have been proposed to provide support for user-defined functions[5, 33]. The incorporation of
user-defined functionsinto a computation model as general as the relational model, can make query optimization very
difficult, and has recently attracted much attention [29]. ADR, on the other hand, implements a more restrictive pro-
cessing structure that mirrorsthe processing of our target applications. Good performanceis achieved through effective
workload partitioning and careful scheduling of the operations to obtain good utilization of the system resources, not
by rearranging the algebraic operatorsin arelational query tree, asisdonein relational database systems.

6 Conclusionsand Future Work

In this paper we addressed efficient execution of range queries (i.e. the basic processing loop in Figure 1) on dis-
tributed memory parallel machines withinthe ADR framework. We have presented three query processing strategies
that employ different tiling and workload partitioning schemes. We have evaluated scalability of these strategies for
different application scenarios, varying both the number of processors and input dataset size.

Our results indicate that no one scheme is always best. The relative performance of the various query planning
strategi es changes with the appli cation characteristics and machine configuration. The strategies presented in this paper
represent two extreme approaches. The full and sparse replicated accumulator strategies lie one end of the spectrum
of possible strategies; processing is performed on the processors where input chunks are stored. The distributed
accumulator strategy, on the other hand, lies at the other end; processing is carried out on the processors where
output chunks are stored. Our experimental results suggest that a hybrid strategy may provide better performance. For
example, thetilingand workload partitioning steps can be formul ated as a multi-graph partitioning problem, with input
and output chunks representing the graph vertices, and the mapping between input and output chunks provided by the
mapping function representing the graph edges. A planning algorithm based on graph partitioning could provide an
effective means for implementing a general hybrid strategy.

One of the long-term goals of our work on query planning strategies is to develop simple but reasonably accurate
cost models to guide and automate the selection of an appropriate strategy. Answering the questions “under what
circumstances do the simple cost models provide accurate or inaccurate results?’, and “how can we refine the cost
model in situations where it does not provide reasonably accurate results?’ require extensive evaluation of these
strategies. We plan to evaluate our strategies on additional applications and on other parallel architectures.
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