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Abstract

Exploring and analyzing large volumes of dataplaysan increasingly important rolein many
domains of scientific research. We have been devel oping the Active Data Repository (ADR),
an infrastructure that integrates storage, retrieval, and processing of large multi-dimensional
scientific datasets on distributed memory parallel machines with multiple disks attached to
each node. In earlier work, we proposed three strategies for processing range queries within
the ADR framework. Our experimental results show that the relative performance of the
strategies changes under varying application characteristics and machine configurations. In
thiswork we investigate approaches to guide and automate the selection of the best strategy for
a given application and machine configuration. We describe analytical models to predict the
relative performance of the strategieswhen input data elementsare uniformly distributedinthe
attribute space of the output dataset, restricting the output dataset to be aregular d-dimensional
array. We present an experimenta evaluation of these models for various synthetic datasets
and for severa driving applicationson a 128-node IBM SP.

1 Introduction

The exploration and analysis of large datasetsis playing an increasingly central role in many areas
of scientific research. Depending on the application area, datasets may include data produced
by scientific smulations, along with measurements obtained from satellites, microscopes, seismic
data or tomographic imaging techniques.

*This research was supported by the National Science Foundation under Grant #A CI-9619020 (UC Subcontract #
10152408) and the Office of Naval Research under Grant #N6600197C8534.
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2. reado.

3. a. « Initialize(o.)
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10. o, « Output(a.)

11. writeo.

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

Over the past severa years we have been actively working on data intensive applications that
employ large-scale scientific datasets, including applications that explore, compare, and visualize
results generated by large scale smulations [15], visualize and generate data products from global
coverage satellite data [7], and visualize and analyze digitized microscopy images [1]. Such
applications often use only a subset of al the data available in both the input and output datasets.
References to data items are described by a range query, namely a multi-dimensional bounding
box in the underlying multi-dimensional attribute space of the dataset(s). Only the data items
whose associated coordinates fall within the multi-dimensiona box are retrieved and processed.
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 data values usually does not depend on the order input
data items are aggregated. The mapping function, Map(i.), maps an input item to a set of output
items. We extend the computational model to allow for an intermediate data structure, referred to
as an accumulator, that can be used to hold intermediate results during processing. For example,
an accumulator can be used to keep a running sum for an averaging operation. The aggregation
function, Aggregate(i., a.), aggregatesthevalue of aninput item with theintermediateresult stored
in the accumulator element («.). 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).

We have been developing the Active Data Repository (ADR) [5], a software system that effi-
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ciently supportsthe processing loop shownin Figure 1, integrating storage, retrieval, and processing
of large multi-dimensional scientific datasets on distributed memory paralel machines with mul-
tiple disks attached to each node. 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 described above), 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 afront-end and a
parallel back-end. The front-end interacts with clients, and forwards range querieswith 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.

This paper addresses optimization of processing for range queries on distributed memory ma-
chineswithinthe ADR framework. In earlier work [6, 14], we described three potential processing
strategies, and evaluated the relative performance of these strategies for several application sce-
narios and machine configurations. Our experimental results showed that the relative performance
of the strategies changes under varying application characteristics and machine configurations. In
this paper we investigate approaches to guide and automate the selection of the best strategy for
a given application and machine configuration. We describe analytical models to predict relative
performance of the strategies when input data elements are uniformly distributed in the attribute
gpace of the output dataset, restricting the output dataset to be a regular d-dimensiona array. We
present an experimental evaluation of these models for synthetic datasets and for several driving
applications[1, 7, 15].

2 Query Execution Strategies

In this section we briefly describe three strategies for processing range queriesin ADR. First we
briefly describe how datasets are stored in ADR, and outline the main phases of query executionin
ADR. Moredetailed descriptionsof thesestrategiesand of ADRingeneral canbefoundin[5, 6, 14].

2.1 Storing Datasetsin ADR

A dataset is partitioned into a set of chunks to achieve high bandwidth data retrieval. A chunk
consists of one or more data items, and is the unit of 1/0 and communication in ADR. That is, a
chunk is aways retrieved, communicated and computed on as a whole during query processing.
Every data item is associated with a point in a multi-dimensional attribute space, so every chunk
is associated with a minimum bounding rectangle (MBR) that encompasses the coordinates (in
the associated attribute space) of all the data items in the chunk. Since data is accessed through
range queries, itisdesirableto have dataitemsthat are close to each other in the multi-dimensiona
gpace placed in the same chunk. Chunksare distributed across the disks attached to ADR back-end
nodes using a declustering algorithm [10, 16] to achieve I/O parallelism during query processing.
Each chunk is assigned to a single disk, and is read and/or written during query processing only
by the local processor to which the disk is attached. If a chunk is required for processing by one
Or more remote processors, it is sent to those processors by the local processor via interprocessor
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communication. After al data chunks are stored into the desired locations in the disk farm, an
index (e.g., an R-tree [11]) 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.

2.2 Query Processingin ADR

Processing of aquery in ADR isaccomplished in two steps; query planning and query execution.

A plan specifies how parts of the final output are computed and the order the input data chunks
areretrieved for processing. Planning is carried out in two steps; tiling and workload partitioning.
Inthetiling step, if the output dataset istoo largeto fit entirely into the memory, it is partitioned into
tiles. Each tile contains adistinct 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 input tile contains the input chunks that map to the
output chunks in the tile. During query processing, each output tile is cached in main memory,
and input chunks from the required input tile are retrieved. Since a mapping function may map an
input element to multiple output el ements, an input chunk may appear in more than one input tile
if the corresponding output chunks are assigned to different tiles. Hence, an input chunk may be
retrieved multipletimes during execution of the processing loop. In the workload partitioning step,
the workload associated with each tile (i.e. aggregation of input itemsinto accumulator chunks) is
partitioned across processors. Thisisaccomplished by assigning each processor the responsibility
for processing a subset of the input and/or accumulator chunks.

The execution of aquery on aback-end processor progresses through four phases for each tile:

1. Initialization. Accumulator chunks in the current tile are allocated space in memory and
initialized. If an existing output dataset is required to initialize accumulator elements, an
output chunk isretrieved by the processor that has the chunk onitslocal 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 accumul ator chunks all ocated in each processor’s memory in phase 1.

3. Global Combine. If necessary, results computed in each processor in phase 2 are combined
across al 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 accumulator chunks computed in phase 3.

A query iterates through these phases repeatedly until all tiles have been processed and the entire
output dataset has been computed. To reduce query execution time, ADR overlaps disk opera-
tions, network operations and processing as much as possible during query processing. Overlap is
achieved by maintaining explicit queues for each kind of operation (dataretrieval, message sends
and receives, data processing) and switching between queued operations as required. Pending
asynchronous I/O and communication operations in the queues are polled and, upon their comple-
tion, new asynchronous operations are initiated when there is more work to be done and memory
buffer space is available. Datachunks are therefore retrieved and processed in a pipelined fashion.



2.3 Query Processing Strategies

In the following discussion, we refer to an input/output data chunk stored on one of the disks
attached to a processor as a local chunk on that processor. Otherwise, it is a remote chunk. A
processor owns an input or output chunk if it isalocal input or output chunk. A ghost chunk is
a copy of an accumulator chunk alocated in the memory of a processor that does not own the
corresponding output chunk.

In the tiling phase of al the strategies described in this section, we use a Hilbert space-filling
curve [10] to create the tiles. The goal is to minimize the total length of the boundaries of the
tiles, by assigning chunks that are spatially close in the multi-dimensional attribute space to the
same tile, to reduce the number of input chunks crossing tile boundaries. The advantage of using
Hilbert curves is that they have good clustering properties [16], since they preserve locality. In
our implementation, the mid-point of the bounding box of each output chunk is used to generate a
Hilbert curveindex. The chunks are sorted with respect to thisindex, and selected in this order for
tiling.

Fully Replicated Accumulator (FRA) Strategy. In this scheme each processor performs pro-
cessing associated with itslocal input chunks. The output chunks are partitioned into tiles, each of
which fitsinto the available local memory of a single back-end processor. When an output chunk
is assigned to atile, 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 a tile on each
processor, and during the local reduction phase, each processor generates partia results for the
accumulator chunks using only its local input chunks. Ghost chunks with partial results are then
forwarded to the processors that own the corresponding output (accumulator) chunks during the
global combine phase to produce the complete intermediate result, and eventually the final output
product.

Sparsaly Replicated Accumulator (SRA) Strategy. The FRA strategy replicates each accumu-
lator chunk in every processor, even if no input chunks will be aggregated into the accumulator
chunksin some processors. This resultsin unnecessary initialization overhead in the initialization
phase of query execution, and extracommunication and computation in the global combine phase.
The available memory in the system aso is not efficiently employed, because of unnecessary
replication. Such replication may result in more tiles being created than necessary, which may
cause alarge number of input chunks to be retrieved from disk more than once. In SRA strategy,
a ghost chunk is allocated only on processors owning at least one input chunk that maps to the
corresponding accumulator chunk.

Distributed Accumulator (DA) Strategy. In this scheme, every processor is responsible for all
processing associated with itslocal output chunks. Tiling isdone by selecting, for each processor,
local output chunks from that processor until the memory space allocated for the corresponding
accumulator chunksin the processor isfilled. Asin the other schemes, output chunks are selected
in Hilbert curve order.

Since no accumulator chunks are replicated by the DA strategy, no ghost chunks are allocated.
This alows DA to make more effective use of memory and produce fewer tiles than the other two

5



**************************

1
P1Plp2/p2 | ! .
PUPLp2p2 i ! Q D | ‘

1 [ |
P4 P4P3|P3| 1 Lo po

I ‘A - Lo
P4|P4|P3|P3 . N ¥ o ! | !
Output Data 1 '----- e Pl | Reduction Result

Inititalization

Inititalization

P1 P2 P3 P4 H} H}

,,,,,,,,,,

Communication for Replicated Output Blocks Pl P2 P3 P4
Local Reduction Phase . ______LocalReductionPhase
A HH | = e
<] 1 . : L AT /5 S S e I
7v | | b N 2N :
ﬁﬁ \ ! SR ‘.,,,, ,,,,J
P1 P2 P3 P4 Pl P2 P3 oo Pa
,,,,,,, Global CombinePhase < ‘7 —V —
i | ‘ P = p ¥ 4 V7
7 2NN
,,,,,,,,,,,,,,,,,,, ] [TM - —
Communication for Input Elements
P1 P2 P3 P4 (Black regionsrepresent the clipped out regions of triangles)
Communication for Replicated Output Blocks Trianglesreceived from other processors

Figure 2: FRA strategy (left) and DA strategy (right).

schemes. As aresult, fewer input chunks are likely to be retrieved for multipletiles. 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. On the other hand, it introducescommunication in the local reduction phase
for input chunks; al the remoteinput chunks that map to the same output chunk must be forwarded
to the processor that owns the output chunk. Since a projection function may map an input chunk
to multiple output chunks, an input chunk may be forwarded to multiple processors.

Figure 2 illustrates the FRA and DA strategies for an example application. One possible
distribution of input and output chunks to the processorsisillustrated at the top. Input chunks are
denoted by triangleswhile output chunksare denoted by rectangles. Thefinal result to be computed
by reduction (aggregation) operationsis aso shown.

3 Analytical Cost Models

In earlier work [6, 14], we have shown that the relative performance of the query processing
strategies changes under varying application characteristics and machine configurations. For
example, Figure 3 shows an exampl e mapping between input and output chunks using two different
mapping functions. Circles denote the input chunks, whereas squares denote the output chunks.
The arrows from input chunks to output chunks indicate the mapping between input and output
datasets. Consider the volume of communication in both cases. For the sake of simplicity, assume
that the size of an input chunk equals the size of an output chunk, O,,... In Figure 3(a), an
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Figure 3: Mapping of input chunks to output chunks under two different mapping functions.
Arrows from input chunks (circles) to output chunks (squares) denote the mapping between input
and output.

input chunk maps to two output chunks, and each processor has to send 2 input chunks in the
local reduction phase for the DA strategy. Therefore, the volume of communication per processor
in DA is 20,;.. in this case. At least one input chunk from each processor maps to an output
chunk. Asaresult, each output chunk has to be replicated on all processors for the SRA and FRA
strategies. The volume of communication per processor for the example, for FRA and SRA, is
40,;.. for theinitialization phase and 40;.. for the global combine phase. Therefore, DA requires
less communication than SRA and FRA, potentially performing better than these strategies. In
Figure 3(b), however, an input chunk maps to al of the output chunks, so each input chunk must
be sent to two other processors. The volume of communication per processor for DA under this
mappingis5* 2 O,,.. (fiveinput chunksto two other processors). The volume of communication
for SRA and FRA, on the other hand, remains the same as for the first mapping, since each output
chunk isreplicated on each processor. Thus, inthiscase, SRA and FRA requireless communication
than DA.

In this section we present analytical models to predict the relative performance of the query
processing strategies. Our goa is to predict the relative performance of the three strategies
without running the query planning phase, i.e., without performingtiling and workload partitioning.
Predicting the relative performance of the query processing strategies can be accomplished in two



Query Strategy
Execution FRA SRA DA
Phase /0 Comm. Comp. /O | Comm. | Comp. /0 | Comm. | Comp.
Initialization | 252 | Z5a(p - 1) Ofra O | ¢ %446 %] o0 Oga
Local Iira Ofra Iira Osra Lig Oua
Reduction P 0 8 P 0 5" e Lsy -3
Globa Ofra Ofra
Combine 0 | &+ (P-1 | (P-1)| O G G 0 0 0
OUtpUt Ofra Ofra Osra Osra Oda Odqa
Handling P 0 P P 0 P P 0 P

Table 1. The expected average number of 1/0O, communication, and computation operations per
processor for atile in each phase. Oy,,, O, and Oy, denote the expected average number of
output chunks per tile for the FRA, SRA, and DA strategies, respectively. Similarly, /.4, Isra,
and /,, are the expected average number of input chunksretrieved per tile for the FRA, SRA, and
DA strategies. & isthe expected average number of ghost chunks per processor for atilein SRA,
and /,,, isthe expected average number of messages per processor for input chunksin atile for
DA. The average number of output chunks that an input chunk maps to is denoted by «, and
represents the average number of input chunks that map to an output chunk. P isthe number of
processors executing the query.

steps. First, we must estimate the number of 1/0, communication, and computation operations that
must be performed for an output tile in each phase. Second, the counts must be used to produce an
estimated execution time for each strategy.

Table 1 shows the expected average number of operations per processor for a tile in each
phase. In the following sections we describe the methods used to compute the expected number
of operations. The main assumption of the analytical models described in this paper is that the
distribution of theinput chunksin the output attribute space must be uniform, and the output dataset
must be aregular d-dimensional dense array.

3.1 Computing Operation Countsfor FRA

The number of tiles and the average number of output chunks in a tile depend on the aggregate
system memory that can be effectively utilized by a query processing strategy. Since an output
chunk isreplicated in al processors for FRA, the effective system memory for FRA is the size of
memory, M, on asingle processor. Hence, the average number of output chunks per tile, Oy,,, is
OL and the number of tiles, 7%,,, is %, where O isthetotal number of output chunks, and O;...
isthesizeof an output chunk. With 3 input chunks mapping to an output chunk, 50 ,., computation
operations are performed in the local reduction phase for each tile, and the declustering algorithm
that ADR uses (see Section 2) is expected to assign an even share to each processor.

As was discussed in Section 2, an input chunk may intersect more than one output tile. To
estimate the number of input chunks per output tile accurately, the number of output tiles an input
chunk is expected to intersect has to be computed. Assume that the d-dimensional output grid
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Figure 4: Partitioning of atile (7'1) into subregions R1, R,, and Rj.

is partitioned regularly into rectangular tiles and there are Oy, output chunks per output tile.
Let each output chunk have a minimum bounding rectangle (MBR) of size z; aong dimension
1 = 0,1,...,d — 1. Then, the extent of the MBR for an output tile in each dimension can be
computed as x; = zn; for: = 0,1,...,d — 1, where n; is the number of output chunks along
dimension: of thetile (n, = /O;,, for squaretiles.) Also assume that after mapping to the output
attribute space, the extent of the MBR of eachinput chunkisy; alongdimensions: = 0,1,...,d—1.
In this paper d is assumed to be two, i.e., the output grid is two-dimensional, and y; < x;. The
extension of the method to d > 2 dimensionsand for y; > x; can befound in [4].

A tile can be implicitly partitioned into subregions k1, R, and R4 as shown in Figure 4. If
the mid-point of the MBR of an input chunk (with extents yo and y1) fallsinto region Ry, then the
input chunk intersects & adjacent output tiles. Let area( ;) be the area of region R;. Since we
assume that the distribution of input chunks in the output space is uniform, the ratio of the area of
region R, to the total area of thetile can be used to estimate the number of input chunks that fall
into that region. Thus, the expected number of output tilesthat an input chunk intersects, A, can be
computed as

Tol1 Tox1 Tol1

Vo= (TR R, g TR,

The expected number of input chunks that map to an output tileisthen /;,, = Ti—f where [ is
the total number of input chunks.

3.2 Computing Operation Counts for SRA

Let ¢ betheaverage percent of system memory used for local output chunksinanoutputtile. Thatis,

if G isthe average number of ghost chunks per processor per output tile, wehavee = Ol‘)lﬁ. Here,

Oy, 1s the number of local (non-ghost) output chunksin thetile. Note that we have% <e<1,
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andwhene = SRA isequivalent to FRA. Given the value of ¢, the number of output chunksin

atileis O,,, = BP M. the number of local output chunks per processor in the tileis O, = 2=,
and the number of tilesisT,,, = o

We compute &' and e asfollows. The goal of the declustering algorithmsused in ADR [10, 16]
isto achieve good 1/0O parallelism when retrieving input and output chunks from disks. To achieve
this goal, the algorithms distribute spatialy close chunks evenly across as many processors as
possible. Therefore, 3 input chunks that map to an output chunk v on processor p can be expected
to be distributed across as many processors as possible. Let ' be the average number of ghost
chunks that are created for one output chunk. Then, on average a processor creates a total of
G = 'Oy, ghost chunks per output tile, and P processors create G'O,,. P ghost chunks per output
tile.

Under the assumption that input chunks that map to the same output chunk are distributed
across as many processors as possible, SRA becomes FRA if 3 > P. When 5 < P, we have
(' = (Probability{p isone of /3 processors} (/s - 1) + Probability{p is not one of /5 processors} 3)

= 3£, and hence,

o Oloc . 1 . P
° Oloc + G/Oloc B 1 + G B P + ﬂ(P - 1)
AP — 1) PM . BM(P-1)

G = G/Oloc —

P Osize [P + ﬂ(P - 1)] B Osize [P + ﬂ(P - 1)]
The number of input chunks that map to atile, /., and the number of computation operations
are calculated the same way as for FRA, as shown at the end of Section 3.1.

3.3 Computing Operation Counts for DA

For DA, output chunks are not replicated, so the effective overall system memory is P « M, where
M isthe size of the memory on each proc&ssor Therefore, the average number of output chunks
per tile can be computed as O,;, = =, and the number of tilesis T, = OL. The estimated
number of input chunks that map to atlle 14, isagain computed asfor FRA in “ection 3.1.

In the local reduction phase for the DA strategy, local input chunks that map to output chunks
on other processors must be sent to those processors. As a result, DA requires interprocessor
communication for input chunks. We estimate the number of messages for input chunks in each
processor, /,,,,, as follows. We partition a tile into regions k1, R,, and R, as is described in
Section 3.1 (see Figure 4). Let C(a, P) be defined as

P-1 ifa>P

Cla, P) = {a% otherwise

If the mid-point of the MBR of an input chunk fallsinside region R;, the input chunk is entirely
contained by that output tile. Remember that the o output chunks that the input chunk maps to
are declustered across as many processors as possible, as are the input chunks. That is, if o > P,
then the output chunks are stored on P — 1 processors; otherwise, they are stored on o processors.
Therefore,

expected number of messages for an input chunk in region R, = C(a, P)
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If the mid-point of the MBR for an input chunk fallsinside one of the four R, regions, it maps to
two output tiles, say 7'1 and T'2 (see Figure 4). Since we assume a uniform distribution of input
chunks in the output space, the number of output chunks that the input chunk maps to in the two
output tilesis proportional to the area of the input chunk inside each output tile. The average area
inside 7'2 of all the input chunks in region R, is expected to be ;11 of the total area of the input
chunksin that region. Therefore,

number of output chunksin 7'2 that an input chunk mapsto = « a¥l_

(%
yoyr 4

Similarly, the number of output chunksin 71 that the input chunk mapsto is %a. For input chunks
that fall inside one of the four R4 regionsin 7’1, each input chunk mapsto three other output tiles,
say 1’2 (totheright of 7'1), T'3 (below 7'1), and T4 (diagonally acrossfrom T1)in Figure4 An
analysis similar to one for region R, shows that the input chunk maps to > 160 %oz, 160 and - 16
output chunks in output tiles 7'1, T2, T'3, and 7'4, respectively. We can therefore compute the
expected number of input chunk messages in each region as

number of messages duetoregion R, = C(a, P)

number of messages dueto region R, = C(i—ala,P) +C(%a,P)
, 1 9
number of messages due to region Ry = C(l—6a P)+2>|<C(1—36a P)+C( 6" P)

Given that each processor ownsin average I}dTa input chunksfor atile, the expected number of input
chunk messages for a processor per tileisthen

— &(%C(a7p) area(RZ)

Imsg = P xore 071 “eors © (4 )+C( P
_|_ar§i(xii4)[6(li6oz,]3)—l—2*6(f60z P)+C( 96 P)))

3.4 Estimating Execution Times

After the counts for each operation and each phase of query execution are calculated, the counts
must be used to produce estimated execution timesto predict therel ative performance of the various
strategies. We briefly describe our initial approach for estimating the rel ative execution time of the
strategies.

We do not require estimating the absol ute execution time of each strategy accurately. Our god
is to estimate the relative performance of the strategies so that the best strategy for an application
and machine configuration is chosen, especially when one strategy performs significantly better
than the others, and to compute this estimation without much overhead. For thisreason, we use a
simple method to compute execution times of the strategies. 1/0 and communication counts per
processor in Table 1 are first converted into 1/0 and communication volumes by multiplying them
by the average input and output chunk sizes. The communication and I/O times per processor per
phase are computed by dividing the respective communication and /0O volumes by the measured
communication and 1/0 bandwidths of the target machine. The computation cost in each phase is
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the computation count per processor times the cost of processing an input or output chunk in each
phase. Thetotal execution time isthen the sum of the estimated times for communication, I/0 and
computation in each phase of query execution.

4 Experimental Results

In this section we present experimental evaluation of the cost models on a 128-node IBM SP
multicomputer. Each node of the SPisathin nodewith 256 MB of memory; thenodes are connected
viaaHigh Performance Switch that provides 110M B/sec peak communication bandwidth per node.
Each node has one local disk with S00MB of available scratch space. We allocated 220MB of
that space for the input dataset and 50MB for the output dataset for these experiments. The AIX
filesystem on the SP nodes uses a main memory file cache, so we used the remaining 230MB on
the disk to clean the file cache before each experiment to obtain reliable performance results.

In the experiments we first use synthetic datasets to evaluate the cost models under controlled
scenarios. Theoutput dataset isa2D rectangular array. Theentireoutput attribute spaceisregularly
partitioned into non-overlapping rectangl es, with each rectangl e representing an accumul ator chunk
in the output dataset. The input dataset has a 3D attribute space, and input chunks were placed in
the input space randomly with a uniform distribution. The assignment of input and output chunks
to the diskswas done using aHilbert curve-based declustering algorithm [10]. In these experiments
the size of the input and output datasets were fixed. The output dataset size is set at 400MB, with
1600 output chunks. The input dataset size is set at 1.6GBytes. We varied several of the input
dataset parameters, to show that DA performs better than the other two strategies in some cases,
while SRA performs better for other cases. There are severa parameters (e.g., Size of datasets,
number of chunksin a dataset, extent of a chunk in the dataset) that can be varied to create different
scenarios. As was previoudly discussed, communication for SRA and FRA results from output
chunksthat are replicated on multiple processors, whereasinput chunks are communicated for DA.
The value of 3, the average number of input chunks that map to an output chunk, determines the
volume of communication in SRA, whereas the volume of communication in DA is affected by
the value of «, the average number of output chunks that an input chunk maps to. We varied the
number and extent of input chunks to create different 5 and « values. A large 3 value means that
each output chunk is likely to be replicated on al processors, thereby increasing the volume of
communication for SRA. On the other hand, a small 5 value may not require an output chunk to
be replicated on all processors. Similarly, alarge « value means that an input chunk is likely to be
sent to many processors for DA, thus increasing the volume of communication.

I n these experimentswe varied the number and extent of input chunksto produce (o, 3) pairs of
(9,72)and (16, 16). We set the computation timeto 1 millisecond for processing an output chunk in
theinitialization, global combine, and output handling phases, and to 5 millisecondsfor processing
each intersecting (input,output) chunk pair in the local reduction phase. In selecting the cost for
the local reduction phase computation, we chose a value that is larger than the computation costs
in the initialization and global combine phases, but also is small enough so that the computation
cost relative to communication and 1/0 for the queries is not too large. Otherwise, the queries
become very computationally intensive, and the performance of the strategies is affected only by
computational load balance across the processors.

Note that the average input and output chunk size, o and /3 values, and 1/O and communication
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Figure 6: Measured (left) and estimated (right) total execution time for queries with
(a, ) =(16,16).

bandwidthsin each phase are needed to eval uate the cost model sdescribed in Section 3, to compute
estimated execution times. In this work I/O and communication bandwidths were measured by
running a set of queries (including the queries in Figures 5 and 6) on the target machine and
taking the average value across these queries. These values were used to estimate the execution
times of the query strategies across all queries. For area application the same strategy may be
applied; the user may run severa sample queries to compute the average application level 1/0
and communication bandwidths. Since the values of « and 3 depend on the mapping function
specified for arange query (see Figure 1), the values must be computed for each query. Thiscan be
accomplished using the minimum bounding rectangle (MBR) of each input and output chunk that
intersects the query. The MBR of each input chunk is mapped to output chunks via the mapping
function, and the value of « for the input chunk is computed by counting the number of output
chunks the input chunk mapsto. The average « is calculated as the average of « values over all
input chunks. The average /7 value can be computed from the equation /« = O/, where I isthe
number of input chunks, and O is the number of output chunks (i.e. the total number of chunks
sent isthe same as the total number of chunks received, across al processors).

Figure 5 shows the measured and estimated query execution times of the query strategies for
cases in which DA performs better than the other strategies. Figure 6 shows the measured and
estimated query execution timesfor cases in which SRA performsbest. Asis seen fromthefigures
the cost models can estimate the relative performance of the strategies under varying scenarios.
Figures 7(a)-(d) show breakdowns of the measured and estimated values into computation time,
I/0O volume, and communication volume. As is seen from the figures, the cost models are able
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Input Dataset Output Dataset Computation
Num. of | Total | Num. of | Total | Average | Average | (in milliseconds)
App. | Chunks | Size | Chunks Size Jé; ! I-LR-GC-OH
SAT 9K 1.6GB 256 25MB 161 4.6 1-40-20-1
WCS| 75K |1.7GB 150 17MB 60 12 1-20-1-1
VM 16K 1.5GB 256 192MB 64 1.0 1-5-1-1

Table 2: Application characteristics.

to estimate relative computation time, 1/0 volume, and communication volume for the query
processing strategies for different « and 3 values for varying number of processors. The cost
model for DA does not accurately estimate the communication volume for 16 processors, as seen
in Figure 7(d). Thisis because the cost model assumes perfect declustering of the output chunks
that an input chunk mapsto. Thus, with o« = 16, an input chunk on one processor is expected to be
sent to fifteen other processors. In practice, however, perfect declustering is not achieved, and an
input chunk is sent to fewer than fifteen processors. Asaresult, the actual communication volume
isless than what the cost model predicts.

We have al so evaluated the cost modelsfor different application scenarios, varying the number
of processors. We used application emulators [26] to generate various application 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.

Table 2 summarizes dataset sizes and application characteristics for three application classes,
satellite data processing (SAT) [7], analysis of microscopy data with the Mrtual Microscope
(VM) [1], and water contamination studies (WCS) [15]. The output dataset size was afixed size
for each application. Thelast column showsthe computation time per chunk for the different phases
of query execution (see Section 2); I-LR-GC-OH represents the Initialization-Local Reduction-
Global Combine-Output Handling phases. The computation times shown represent the relative
computation cost of the different phases within and acrossthe different applications. The LR value
denotes the computation cost for each intersecting (input chunk, accumulator chunk) pair. Thus,
an input chunk that maps to a larger number of accumulator chunks takes longer to process. In all
of these applications the 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 for SAT is irregular. This is because of the polar orbit
of the satellite [18]; 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 the poles. The input
datasetsfor WCSand VM areregular dense arraysthat are partitioned into equal-sized rectangular
chunks. We selected the values for the various parameters to represent some typical scenarios
for these application classes on the SP machine, based on our experience with the complete ADR
applications.

Measured and estimated values for computation time, 1/0 volume and communication volume
for each application are shownin Figures8-10. Asisseen fromthefigures, the cost modelsareable
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tion volume (right), for different queries on different number of processors.
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to estimate the relative volume of 1/0O and communication in each application for varying number
of processors. However, the cost models fail to estimate the relative computation times of the
strategiesfor the SAT and WCS applications. Our experiments show that in these two applications
there is a load imbalance in the computation assigned to the various processors. There are two
main reasons for the load imbalance in these applications. First, the distribution of data elements
in the output attribute space is not uniform for SAT. Second, the Hilbert curve-based declustering
algorithmsdo not achieve optimal distribution of the input and output chunks across the processors,
causing load imbalance in some cases. Since the cost models assume perfect declustering and a
uniform distribution of the computations across the processors, the models may fail to predict the
relative computation times of the strategies in those cases. Figure 11 shows the measured and
estimated total execution timefor each application. Asis seen from thefigure, the cost models can
successfully predict the relative performance of the strategies for the VM application, which has
auniform distribution of input and output chunks. For the SAT and WCS applications, however,
the cost modelsfail to predict the relative performance of the strategies in some cases. One of the
reasons is the load imbalance in computation as is mentioned previously. Another reason is that
I/O and communication bandwidths may vary across applications and across different number of
processors. We used the 1/0 and communication bandwidths computed from synthetic datasets
for estimating the total execution time of the applications. We observed that there can be a
large difference between the bandwidths measured from the synthetic datasets and the bandwidths
measured in some of the runs of the WCS application. We plan to further investigate these casesto
understand why 1/0O and communi cation bandwidths may change by large amounts across different
applicationsand different number of processors, and ook into approachesto estimate such changes
to make our cost models more accurate.

5 Reated Work

Several runtime support libraries and file systems have been developed to support efficient [/O in
a parale environment [2, 8, 12, 13, 19, 21, 24, 25]. These systems mainly focus on supporting
regular strided access to uniformly distributed datasets, such as images, maps, and dense multi-
dimensional arrays. ADR differsfromthese systemsin severa ways. First, ADRisabletocarry out
range queries directed at irregular spatialy indexed datasets. Second, computation is an integral
part of the ADR framework. With the collective I/O interfaces provided by many paralel 1/0O
systems, data processing usually cannot begin until the entire collective 1/O operation compl etes.
Third, data placement algorithms optimized for range queries are integrated as part of the ADR
framework.

Parallel database systems have been a mgjor topic in the database community [9] for along
time, and much attention has been devoted to the implementation and scheduling of paralel
joins [17, 20]. Asin many parallel join algorithms, our query strategies exploit parallelism by
effectively partitioning the data and workload among the processors. However, the characteristics
of the distributive and algebrai c aggregation functionsallowed in our queries enable deployment of
more flexible workload partitioning schemes through the use of ghost chunks. Several extensible
database systems have been proposed to provide support for user-defined functions [3, 23]. The
incorporation of user-defined functionsinto a computation model asgenera astherelational model
can make query optimization very difficult, and has recently attracted much attention [22]. ADR,
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on the other hand, implements a more restrictive processing structure that mirrors the processing
of our target applications. Good performance is 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, asis done in relational database
systems.

6 Conclusonsand Future Work

We have described an approach to guide and automate sel ection of the best query processing strategy
for agiven query within the ADR framework. We have presented analytical cost modelsto predict
therelative performance of three query processing strategies for different application scenarios and
machine configurations. Our resultson a128-nodelBM SP show that in most cases the cost models
are ableto predict the relative performance of the strategies, both for synthetic datasets and for our
driving applications. However, our cost models can fail when there is a significant computational
load imbalance or when thereis alarge variance in measured 1/0O and communication costs on the
parallel machine, because the current model s assume both acomputational load balance and fixed,
predictable 1/0O and communication bandwidth from the machine. We plan to further investigate
these limitations and devise approaches to accurately model the costs of the query execution
strategies for awider range of applications and machine configurations.
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