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1.0 Introduction

Over the past decade raw CPU processing power has increased dramiatipedlying by more than
a factor of one hundred. At the same time the bandwidth of disk storage devices has increased at a more
modest rate, improving only about fefald over the same time period. Programs that were once domi-
nated by their CPU time, calledPU-bound programs, have now become dominated by the time spent
waiting for I/O (i.e. they ar&O-bound). For example, assuming the speedup rates given above, a program
that 10 years ago spent 90% of its time using the CPU and 10% waiting for I/0O would now run on a state-
of-the-art computer spending only 26% of its time using the CPU and 74% of its time waiting for 1/0O oper-
ations. Therefore the di@rence in the rates of performance improvement between the processor and 1/O
devices has created a bottleneck for many application programs at the 1/0 devices, and in accordance with
Amdahl’s law has caused much of the increased CPU capacity to be wasted (at least from the point of view
of a single program). This disparity in growth rates looks like it will continue for some time, suggesting
that the situation will only get worse.

Over the last few years, NRAO has experienced an I/O bottleneck in running many applications.
Because of this 1/0 bottleneck, programs spend a significant portion of their run-time performing I/O while
the processor is idle. Expensive CPU resources are left underutilized and more importantly researchers are
less productive because they have to wait longer for results. NRAO projects that data volume will increase
significantly in the near future as new instruments come on-line. If nothing is done to alleviate the 1/0O bot-
tleneck, the combination of continued unbalanced CPU speed improvements and increased data volume
will cause the situation at NRAO to worsen considerably

Since it appears that new hardware developments will not provide an answer to the 1/0O bottleneck in
the short-term, we propose implementing methods that will utilize the available I/O bandwidth better by

improving the way files are ganized and accessed.ganizing files to better match access patterns can



reduce the number of 1/O accesses necessary to fulfill arequest, reduce the average latency of each request,
or both. For example, using an indexed file can reduce the number of 1/0 requests needed to retrieve a
piece of data by reducing the search space of the request from the entire file to a small section of the file.
Using advanced access techniques like prefetching can also significantly improve performance by better
overlapping I/0 and CPU usage. For example, suppose an application processes a series of data items, and
each item requires one time unit for 1/0 and one time unit for processing by the CPU. Without prefetching
it would take two time units to process each data item. With prefetching it would still take two time units
for thefirst item to be processed, but all subsequent items would require only one time unit to process (the
I/0O timeis pipelined away).

To fully utilize the file structures and access methods discussed above, it isimportant that the file inter-
face betailored to the type of datain the file and the applications accessing it. A type specific file interface
allows the user to provide information about access patterns that can be used to improve performance. For
example, the user can express the intention to access every record beginning with the letter a or that the
user intends to reuse the data repeatedly. Using this user provided information, the implementation can
attempt to improve performance: in the first case, the implementation can initiate prefetching to read the
required data before the user needs to use it; in the second case, the implementation can cache the data,
reducing the latency of subsequent requests for the same data. Besides potentially improving performance,
atype specific interface can improve the program devel opment process by presenting thefileand itsdatain
an intuitive manner that matches the specific file type. For instance, data can be presented to the user in
meaningful terms, such as rows, records, volumes, shapes, etc., rather than as unformatted bytes (asisthe
case for Unix files).

The current environment at NRAO has provided us with an idea testing ground for our genera
approach to high performance file systems. We have completed the first phase of the project, by finding,
implementing and testing the performance of an appropriate file structure for NRAO data. The second
phase of the project, applying advanced access techniques, creating a distributed version of the file struc-
ture, paralelizing the implementation and providing an improved interface, is currently underway and
nearly complete. The remainder of this paper discusses our approach and the current NRAO environment
in more detail and then presents the details of phase one of the project, including a brief discussion of the
file structure chosen, a sketch of the implementation and performance results and observations. The final

section presents our future plans for the remainder of the project and beyond.



2.0 Approach

Our approach to alleviating the 1/0O bottleneck follows the ELE&e(isibLe File System) method
[1,2] first proposed by Grimshaw and Loyot. The ELFS philosophy for developing file systems has four
central ideas:

* Find and use file structures that match the data and access patterns of particular applications or
sets of applications more closely than file structures currently used.

» Using object-oriented techniques, encapsulate the inner workings of each file type so that the
application programmer can easily incorporate the appropriate file structure into a given applica-
tion.

« Improve the file system interface to reduce the programming burden and to allow exploitation of
user knowledge to improve performance.

» Apply file type specific access software within an implementation to speed retrieval. Based on
the file type some or all of the following techniques may be applied: prefetching, caching, and

parallel access to difrent parts of the data set.

2.1 File Structures Matching 1/0 Requirements

There has been a great deal of work over the past two or three decades in developing file structures for
various uses. The database literature contains many examples of creative file structures that are well suited
for particular application needs or types of data. Examples include tree-based structurek-slichess
[3] andR-trees [4], partitioning-based structures like grid files [5] and Piecewise LinearRretmrving-
hashing (or PLOP) files [6,7], primary files with secondary indexes, and many others. Each of these file
layouts has advantages and disadvantages underedif access requirements and data attributes. For
example, indexing schemes work well for single record retrieval when one or more of the indices can be
used. Because of data localityey also work well when a range of data is accessed along the key by which
the primary file is sorted. Howevex range retrieval along a key that is not the primang fdett key may
not perform well because the request will access data blocks scattered across the file.

For 1/0 performance to be maximized, it is crucial to choose file structures that best match an applica-
tion's access requirements. Neither of the two most common approaches used in the scientific community
sequential files and relational DBMSs, match the access requirements for many applications. Sequential
files are only good for applications that access data in the order in which it is stored. Using any other

access pattern can be very cadgr example, retrieving the data sorted in an order other than the normal



Figure 1 - Block Partitioning File Structure

sequential order may require multiple passes through the entire file. Relational DBMSs are designed to
support a wide range of types of data, but rather than tailoring the file structure to the data type and access
patterns, the data and access patterns must be made to fit the relational model. While the relational model is
flexible enough to &brd decent performance for many applications and files, their general nature often
does not give the high performance necessary for scientific applications that can be achieved with file
structures tailored to their needs. For example, it is easy to store a two dimensional array in a relational
DBMS and perform row and column retrievals. Howeusing a relational DBMS will usually not lead to

the best performance for such operations because the underlying file structures employed by the DBMS are
designed to fit the relational model not the model of matrix data. An appropriate structure for matrix data
that will be accessed by both rows and columns is a block partition structure. In a block partition structure
(Figure 1), the matrix is divided into rectangular blocks. Each block is stored in one data page within the
file, maintaining data locality among both rows and columns. The advantage of this structure over a row or

column major structure is that both row and column operations can be Hoeay.

2.2 Object-Oriented File Structures

Many of the file structures discussed above are complex and often require a signfiicaitt iefiple-
ment them. As a result, many of these file structures have not seen widespread use. Applications that could
have benefitted from a specialized file layout have been designed with simpler file schemes either due to
ignorance of the existence of better schemes or due to the higher development costs of using a more
advanced structure. Even when an application is developed using an advanced file structure, the implemen-
tation is often dfficult to reuse and incorporate into new applicatiomsh@lp alleviate this problem the

ELFS method uses an object-oriented approach to the development of new file structures. These structures
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Figure 2 - A Sample ELFS Class Hierarchy

encapsulate the details of the implementation while providing an interface for the user to operate on the
file, such as operations to open and close the file and to insert, update, retrieve, and delete data items. The
necessary file objects can then be incorporated in any application and easily extended by either deriving
new application-specific file classes or extending the class interface of existing file classes. Figure 2 shows

a sample file class hierarchy derived from a basic UNIX file objett [1]

2.3 Improved File I nterfaces

Most file systems today fail to present an interface that reflects the type of data in the file or the file
organization. As a result, many current file systemfesfriom one or both of the following drawbacks: 1)
the interface is difcult to use for application programmers because data is presented in a format that is not
intuitive; or 2) the file system does not fully exploit the progransnenowledge of the semantics of the
data or the application domain because the interface does not allow the programmer to express this knowl-
edge. A good example of this problem is the UNIX file system whidiersufrom both of these draw-
backs. Unix treats all files as simply a stream of bytes, imposing no structure or meaning on the data.
Therefore, the burden of interpretation and reformatting the data is entirely up to thénilssatso makes
no attempt to provide an interface where the user can declare properties of the file or intended access pat-
terns to help improve performance. An example of a better interface is presented by Pane for a two dimen-
sional matrix file [8]. The matrix file interface presents data in meaningful units, such as rows and
columns, provides functions for manipulating the file in terms of these units and provides a way for pro-

grammers to express how the file will be accessed, for example a method to declare the stride for upcom-

1. Figure 2 is reproduced without permission from page 4 of [1]



ing accesses. This interface provides both improved efficiency for developing applications software and

improved performance.

2.4 Type Specific Access Methods

The fourth part of our approach, type specific access methods, encompasses a set of orthogona meth-
ods that can be applied where appropriate to any file scheme to improve 1/0 bandwidth, latency, or both.
These methods include selectively and intelligently prefetching data, caching data likely to be used again
in the near future, and parallelizing file operations and other 1/0 related activities such as sorting. Using an
object-oriented class scheme allows the implementor to choose which of the above methods are appropri-
ate for a given file type and how they will be implemented. The details of the implementation are hidden;
the user only needs to be concerned with the class interface. Selection and application of access methods

can be further fine-tuned if application-specific file classes are derived from the base classes.

Prefetching

Prefetching data involves guessing ahead and starting 1/O operations for data that is likely to be
requested in the near future. The simplest prefetching strategy is to read the next block of datain the file
after the last one read. Called sequential prefetching, this method is employed in many database and file
systems, such as IBM’s DB2, and works well for retrievals where reads will be sequential. For access pat-
terns that do not behave this way, prefetching can actually be detrimental as resources, including buffer
space, 1/0 device bandwidth, and server bandwidth, are all used for reading in bad guesses. The key isto
guess correctly as often as possible. One promising approach to achieving better guesses is to allow the
user to specify intentions for how the file is going to be accessed. These intentions can be used to deter-
mine whether prefetching should be employed and if so, which data is likely to be needed next. This
should help reduce bad guesses and wasted resources. As an example, if auser can specify astride or some
function that describes an upcoming series of accesses, the file abject can read ahead to reduce or ideally
eliminate the read latency.

File Caching

File caching is another popular method for reducing /O latency and increasing 1/O bandwidth. File
caching relies on temporal locality of datareferences, i.e. that the datafrom a given referenceislikely to be
used again in the near future. File caching exploits this property by keeping recent requests around in local
memory so if they are needed again, the request can be satisfied from memory instead requiring an 1/O

operation. This approach is applied throughout the computer storage hierarchy and is particularly success-
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Figure 3 - Multiple I/O Servers on a Single Task

ful when accesses display significant temporal locality. However, in applications where datafiles or subsets
of datafilestoo largeto fit into local memory are read, this scheme does not help and may take up valuable
memory and processor resources from other parts of the application unnecessarily. Like prefetching, the
user often knows the access patterns of the application best and so it seems reasonable that providing an

interface to express the user’s intentions will lead to better overall use of resources.

Multiple I/O Threads

Typical applications have one thread of control and therefore completely stop and wait when an 1/0
operation is pending. A better model is to try to overlap computation as much as possible with file 1/0
activity by splitting I/O operations and application code into separate threads of control that can executein
paralel. This allows the application program to potentialy continue computation after issuing an 1/O
regquest, while at the same time the 1/0O request is being satisfied. Since some 1/O related operations, such as
sorting data, are CPU-intense themselves, this idea can be further applied to splitting the |/O operations
into several pieces, each working in parallel to satisfy a given request. The overall effect isthat the bottle-
neck resource, namely the I/O device hardware, is better utilized by keeping it busy as often as possible.
Figure 3 shows a sample request split among several 1/0 servers working together.

Implementing the tail ored file structures or type specific access methodsin isolation will help to reduce
the overall latency of an 1/0 request. Combining the two components will provide better performance than
either alone. The addition of the file object model provides a cohesive framework for using various file

structuresin different situations. Dense and sparse 2D matrix file classes have been implemented using this



approach [8]. Thiswork demonstrated good performance characteristics and we believe reduced the cogni-

tive burden for application programmers.

3.0 NRAO Data Requirements and Factors For Success
In order to effectively apply our approach to alleviate the I/O bottleneck at NRAO, we must first
understand their environment. The following section describes the current environment at NRAO and the

factors that will determine the success of a solution.

3.1 Data Volume

NRAO collects alarge amount of data from its sensors. Currently, large data sets can involve up to 3-5
million measurements with each measurement ranging in size from 1 byte to 8K words of measurement
data. Although in practice data sets usually do not have both alarge volume of measurements and a large
data size, it is not uncommon to have data sets as large as a few gigabytes. There are already plans for
future systems to collect and process much larger sets of data than currently in use. For example, planning
has begun on a single dish radio telescope project that could produce up to 80 gigabytes of raw data daily.
In general, as new and more sophisticated astronomical instruments and methods have devel oped, along
with increased computer power, the trend has been towards collecting and processing ever increasing

amounts of data. Clearly, this trend must be considered for any long-term solutions.

3.2 Current File Structure

The standard file organization at NRAO follows the Flexible Image Transport System (FITS) format.
This format organizes file into a series of records, each of which is a tuple containing key and data ele-
ments. The key portion may be asingle key component or may be composed of several different key fields.
For example, radiation intensity data may be collected at a particular right ascension and declination sam-
pled at certain times and frequencies. The data for this example would be stored as tuples with the combi-

nation of right ascension, declination, time, and frequency forming the key of the tuple and the intensity
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value forming the “data” part of the tuple. These records are stored one after the other in the physical file
(Figure 4)

Currently NRAQO’s data files are stored only once, sorted by one key component and no auxiliary
index files are created or stored. This arrangement is due partially to limited storage capacity and partially
to the programming complexity involved in index generation and maintenameec&ss data in an order
different from the sort keyhe user must either accept the poor performance caused by many I/O opera-
tions, or sort the data beforehand using an auxiliary program and temporarily store the sorted data in
another file. Clearlyjthe overall processing time for both of these alternatives is unattractivagiofilas.

As discussed belgvooking at data sorted by tifent keys occurs quite frequently and adds a significant

overhead to a usertask.

3.3 Data Access Requirements

Once data has been collected and stored in a file, the data must be accessible to users and applicatior
programmers for retrieval and update. Due to the wide-range of data collected and the diversity of applica-
tions that process this data, there is no single way of categorizing NRIA@' access needs. Each applica-
tion has diferent needs, and future applications may require new access patterns, therefore flexibility is a
key concern. The following sections describe the relative mix and importance of retrieval, update, deletion,
and insertion operations for NRAO.

For any data item there are four main operations that may be required: retrieval, update, insertion, and
deletion. At NRAO data is commonly collected and stored once, retrieved potentially many times, and
updated occasionally (key values are rarely updated). There is little or no requirement for adding or delet-

ing data items after a file has been created.
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Figure 5 - Sample Two Dimensional Data Space

Retrieval of dataisthe primary performance concern at NRAO. It isthe dominant operation performed
after thefileis created. The ability to update information isimportant, but data modifications are much less
frequent. Therefore the performance of update operations is less crucial. It is often the case that a wide
range of data values are updated at once, such as when the values need to be scaled in some way. In these
cases, it is acceptable to recreate the file from scratch, incurring the inevitable costs associated with doing

SO.

3.3.1 Data Retrieval Requirements

In general, NRAO views the datain each file as being contained in amultidimensional data space. The
number of keys determines the dimensionality of the space; each key, or axis, corresponds to a dimension
in the data space. Figure 4a shows an example of atwo dimensional data space wherethe keysare U and V
(frequency domain coordinates). Depending on the specific application, NRAO researchers require access
to datain many different patterns. Many applications require sub-ranges of datafor some key or keys. We
call the data within the intersection of all sub-ranges, a sub-volume of the file. Some example typical sub-
volumesinclude datain a particular time range, data within atime range for a certain frequency ranges and
polarization values, and data generated by a specific antenna. In general, NRAO requires the ability to
specify limits or boundaries on the data retrieved based on key value(s). Figure 4b our example 2D data
space with a highlighted sub-volume (10.0 < U < 100.0 and -200.0 < V < 200.0). The order in which the
dataitems are retrieved is also important. Flexibility isrequired to allow sorting along the different keys or

iterating through the data in various ways (such as stepping through every fourth dataitem, etc.).
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Programs dier in how many times they use the data. Most NRAO applications have a set access pat-
tern that is known at the time the program is written. Some programs, usually user interactive applications,
will not be able to predetermine the access requirements, or may only be able to narrow the range of oper-
ations allowed. If knowledge of the prograna’ccess requirements can be exploited, then it is possible that
significantly more intelligent 1/O processing can be performed and higher overall performance achieved.

Often the same data is used byfatiént applications, each with its own access pattern. This compli-
cates matters since the data storage and retrieval scheme must be able to deliver acceptable performance
for all applications. This is one of the major areas where NRAOfrent strategy (i.e. storing only one

copy of the file without indexes) does not perform well.

3.3.2 Data Update Requirements

Although data is updated much less frequently than it is retrieved, the ability to modify data is still an
important operation at NRAO. Updates can occur at the level of individual data values or on a much more
massive scale, encompassing the entire file orge lambset of the data. Modification of an individual
value may occur to correct for an error of some sort, while the modificatiomefdaunks of data at once
often occurs to scale the data values in some manherdage majority of updates modify only the mea-
surement data, i.e. modifications to key data is infrequent.

NRAO also needs the ability to logically delete data from a file. This capability is ne¢céssaram-

ple, when an uncorrectable instrument error has been detected and some portion of a data set must not be

used.

3.4 Factors For An Effective Solution

The key factors that define an acceptable solution to NRAO'needs include:

* Increased data retrieval rates on average. The main objective of the work detailed here is to help
alleviate NRAOS 1/O bottleneck, so that NRAO can perform its research mission nfere ef
tively and can utilize its computing resources more fully

» Scalability. In order for the solution to remain viable, the solution adapted now must be able to
handle the lager data volumes projected in the near future. Degradation of performance must be
graceful as data volumes increase.

* Flexibility to access data in different manners. In order to be useful for a significant portion of
NRAOQ'’s current and future systems, the solution must be flexible enough to support a fair range

of data types and access methodsatifzely.
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* Acceptable performance of update and logic delete operations. Obviously NRAO would like
updates to perform as quickly as possible, but due to the relatively lower volume of such
requests it is acceptable that performance of update operations be less than that of retrieval oper-
ations. Howeverthe level of performance degradation cannot be “too severe”.

* No dramatic increases in storage space. Due to the cost of storage devices, it is important that
any solution not require a drastic increase in the amount of storage needed for files. An accept-
able yardstick is that space requirements should not increase by more than 2 or 3 fold on aver-
age.

* No increased programming burden for NRAO application software developers. A solution should
not significantly increase the burden on programmers to use files. Our goal is too actually

decrease the burden on programmers through object-oriented techniques.

4.0 The Search for an Appropriate File Structure

Choosing a file structure that matches the data access requirements of an application or group of appli-
cations can dramatically improve performance. An appropriate file structure will reduce the overall num-
ber of 1/O operations necessary to perform requests, increaseffébieve 1/0 bandwidth (i.e. the
bandwidth ofuseful data accessed), or both. The central idea to most of the structures we considered is
adjusting the physical locality of records stored in the file to the needs of the applications using them. If
groups of records that are likely to be accessed together are physically stored close to edich other
ber of 1/0O operations can be reduced (fewer blocks of data will be needed) and the average I/O operation
time can also be decreased (less overall head movement). An indexed sorted file scheme provides a simple
example. Suppose we wish to access a range of data along the sbBitgdteysing the index will (poten-
tially) reduce the number of 1/0O operations necessary by eliminating all of the file blocks not within the
specified range (this is a simplification as we have ignored the overhead of using the index). Second, since
the file is sorted along the key we are interested in, consecutive data blocks are physically consecutive on
the disk. Therefore, the disk head will need to move less distance for each block requested (this is also a
simplification: disk fragmentation may cause disk blocks to be physically split up. Howeavaverage
head movement should be reduced).

To improve NRAGS 1/0O performance we looked at several file structures and evaluated their suitabil-
ity based on the criteria discussed in section 3.4. Structures evaluated include indexed sorted files, R

[4]and R+ trees [9], quadtrees[18]d andk-d-b [11] trees, grid files [5] and PLOP-hashing files [6,7¢ W
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Figure 6 - Sample Two dimensional R-Tree

found that both grid and PLOP-hashing files are good candidates and chose PLOP files for our implemen-

tation.

Indexed Sorted Files

Indexed sorted files figfr good retrieval performance for single point and range queries when an index
and sorting order can be exploited; update, insert and delete operations are straightforward and perform
well; they are relatively easy to implement. Howewuedexed sorted files do not perform well for retriev-
als that cannot exploit the indexing and sorting scheme, such as retrieving a range of data to be sorted by a
key other than the file’primary sort keySince NRAO applications often need to access data sorted in dif-
ferent ways, it is clear that although sorted indexed files can improve performance in certain cases, they are

not flexible enough to handle adarportion of NRAGs needs.

Rand R+-Trees

R trees [4] are height-balanced trees that can be used as a file indexing scheme similar to B-trees [12].
The tree consists of leaf nodes containing k-dimensional data objects and intermediate nodes which define
a bounding hyperrectangle for all of their child nodes and pointers to the child nodes. Figure 6 shows a set
of two dimensional data objects and the corresponding R-tree repres@nmie:nees [9] have the same
basic structure, but improve retrieval performance by usirfgrdift algorithms to insert, update and
retrieve data objects. The main change is in allowing data objects to be split up to avoid overlap of inter-
mediate nodes. This improves a search for objects witkidimensional hyperrectangle by reducing the

number of paths in the tree that need to be searched. Both R and R+ trees work well for files that consist of

2. Figure 6 is reproduced without permission from Figures 3.1 and 3.2 on page 510 of [9]. Minor modifications have been made.
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Figure 7 - Sample Two dimensional Point Quadtree

spatial data objects, such as map regions in a geo-data application or two and three dimensional objects
frequently found in CAD applications. Howey&IRAO does not use this type of data and therefore the R
and R+-tree approaches are not appropriate for our work. If NRAO does collect spatial data in the future,

this approach should be reevaluated.

Quadtrees

Quadtrees [10] are a class of hierarchical data structures that are based on the principle of recursive
decomposition of space. Point quadtrees successively break up a k-dimensional data sd%\pieims 2
surrounding data points in the databdd® pieces break the data space into regions whose values in each
dimension are either greater than or less than the value in data point around which the split occurred. The
data space partitioning is tracked usind‘mﬂy tree. For example, in a two dimensional data space on the
Cartesian plane, a split around a point A will break the data space2 it B2gions corresponding to the
NW, NE, SW and SE quadrants surrounding the split point. Figure 7 shows a sample partitioning of a 2D
data space containing city locations and its quadtree represe%t&tdﬂnt quadtrees where at most one
data point is allowed in each region have performance characteristics similar to simple indexed files. Point
queries are @tient if the tree is kept balance@((og n), base '2 However since there is no guarantee of
physical locality of “close together” points in the file, range queries using point quadtifeestsusame

drawback as regular indexed files - data may be scattered all over the file. Range queries corresponding to

3. Figure 7 is reproduced without permission from Figure 2 on page 191 of [10]. Minor modifications have been made.
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a small fraction of the index space may still perform well (relative to no index or simple index schemes),
but lage range queries will likely require most or all of the data file to be accessed.

If the simple quadtree approach is extended to allow multiple points per region (e.g. the number of
records that will fit in a disk block), then performance for range queries can be improved through increased
data locality Compared to the single sort key approach, physically grouping data together along several
keys trades-dfthe lesser performance of queries along the primary key for improved performance for que-
ries along any of the other keys. The idea of tradifthefperformance of one query type for several other
guery types is not unique to quadtrees; in fact, all of the remaining files structures discussed employ this
concept.

Overall, the point quadtree (with multiple points per region) has several favorable properties for
NRAOQO'’s environment. The ability to define which keys are of importance and to have relatively good per-
formance for queries using any of these keys fits NRAEGGuirement for range retrieval alongfaiént
keys very well. The storage space required (ignoring internal fragmentation, if any) should not exceed
twice the normal non-indexed file size and will be significantly less if the size of the key data is small rela-
tive to the size of the rest of the data in a recoveérdge retrieval performance across all queries should be
improved (though some queries may be slower). Insert, update, and delete operations will perform fairly
well (O(log n)) in the average case.

However quadtrees stdr from some drawbacks as well. First, the tree must be kept balanced if
retrieval performance is to be optimized. Doing so causes insert, update and deletion times to be increased
in the worst case and adds complexity to their implementation. Second, as with all indexed approaches,
searching the index adds file accesses to requests, decreasing performance. Third, the splitting scheme
employed by quadtrees, i.e. that each split partitions every dimension into 2 parts is somewhat inflexible.
This scheme forces each dimension to be split the same number of times. For spatial data, such as data on «
Cartesian coordinate system, this may not cause any problems. Howkegarused with other types of
data, forcing each dimension to be split equal number of times may prove to be restricting. For example,
consider a typical NRAO file where the keys include time, antennabjaa#ife), U, V & W values, and
polarization type. Both polarization and baseline values are finite and have a limited range (roughly 4000
values for baseline and 1-4 values for polarization). Quadtrees are not flexible enough to allow polarization
to be a key dimension for any but the most trivial file sizes since there could be at most four splits before

all possible values for polarization were exhausted. The same problem may occur for baseline gevery lar
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Figure 8 - Sample Two Dimensional k-d Tree

files. Due to the drawbacks listed above and the availability of file structures that solve some of them,

guadtrees were not considered the best file structure for our work.

K-d and K-d-b Trees

A close relative to the quadtree is tad tree [3] (and its balanced tree version kihdb tree [11]).

Like the quadtree, thke-d tree is a hierarchical data structure that recursively partitions the data space.
Unlike the quadtree, thed tree is a binary tree and breaks the k-dimensional data space into two pieces
during each split rather thatf gieces (Figured. On the negative side, thed tree is a “taller” tree than a
quadtree (when k > 1) meaning that queries will need to access more index nodes during a search. For
point queries, the retrieval time is std{log n), but with a log base of two rather th&n@n the positive

side, there is no restriction on the number of splits each dimension must have or thelthmslek-d tree

can be used for a wider range of access patterns and file types than the quadtree. For example, the typical
NRAO file discussed earlier may split thaarization dimension twicetime five times andbaseline three

times.

With the exception of those areas just discussedk-théree has very similar characteristics to the
guadtreeOn the plus side: Kd trees dfer flexible definition of the key structure; 2) storage requirements
should not exceed twice the original, non-indexed file size; 3) if multiple points are allowed in the leafs of
the tree, data locality along all dimensions is improved for range queries; and 4) average insert, update and

delete operation perform acceptalibn the negative side: 1) accessing data still requires stepping through

4. Figure 8 is reproduced without permission from Figure 40 on page 231 of [10]. Minor modifications have been made.
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a multi-level index structure, which adds overhead; and 2) balancing the tree is required, increasing the

implementation complexity and time required for the insert, update and del ete operations.

Grid Files

The basic building block of agrid fileis a bucket which is ablock of storage (e.g. adisk block) where
some humber of data records can be stored. A grid file starts out with one empty bucket and datais inserted
into the bucket until it overflows. When overflow occurs, the data space is logicaly split in two along one
of the k dimensions, a new bucket is created, and the data points in the overflowed bucket are realigned to
reflect the new partitioning (Figure 9a). When another bucket overflows, the data space is again partitioned
along one of the dimensions. Figure 9b shows a split along a different dimension than the first split and
Figure 8c shows a split along the same dimension as the first split. In order to save space and reduce the
amount of realigning necessary when a bucket overflows, each split is alogical partition of the data file.
New physical buckets for all of the new logical regions are not allocated immediately, but rather are added
only when needed. Figure 9b demonstrates how only one new physical bucket is created during a split that
created two new logical regions (the rounded rectangles represent physical buckets). A directory structure
is stored in a separate file to keep track of the current mapping between logical regions and physical buck-
ets. When further overflows occur, the directory is first checked to see if the overflowed physical bucket
contains more than one logical region. If so, the combined region is split into two smaller regions along
one of the split values that already exists, and one part is mapped to a new physical bucket (Figure 10a).
Otherwise anew split is created for the data space (Figure 10b). A similar processis followed for deletes,
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where empty or near empty buckets are merged together or two adjacent splits, also called slices, are com-
bined removing the logical split.

Grid files match NRAO's requirements very well.The structure of thefileistailored to providing good
performance for range queries using multiple keys by 1) ensuring data locality within each bucket and 2)
reducing the search space through the use of the directory. Like al index structures, the directory adds
overhead to each access. Unlike k-d trees and quadtrees, the grid file directory is of depth one. Therefore
each point access requires exactly two 1/0O operations, one to access the directory and one to access the
main data file. While insert, update, and delete operations are more complex than in any of the other file
structures discussed so far, they are still possible and perform fairly well in the average case. A splitin a
large file can be a significant amount of work, but should occur infrequently.

Thegrid fileisvery flexible about the number of keys (dimensions) and the order in which splits occur,
allowing the generd file structure to be useful for a range of specific datafiles. Grid files are designed to
allow different algorithmsto be used in the split and merge decisions, i.e. when to merge, which dimension
to split or merge, and around which value to split or merge. This flexibility allows the implementor to
decide whether a more accurate, more computationally expensive strategy is needed or asimpler but possi-
bly less accurate strategy is sufficient. Strategies for choosing the split dimension include round-robin,
weighted round-robin, random, or a more complex strategy, including strategies that adapt to the data
inserted. Strategies for where to split include (roughly in decreasing order of accuracy) using the median
value in the to-be-split dlice, the mean value of the dlice, the median or mean value of the bucket being

split, the mid-point in the current slice’s range, etc. A common strategy is to choose the dimension to split
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in a round-robin fashion and to choose the value to split around based on the median value in the entire
dice of the chosen dimension. Note that using the median value of the whole slice may produce better split
results than, say, using the mean value, but it is computationally very expensive since all pointsin the slice
must be accessed to make the decision. Using the median split strategy we can guarantee that the grid file
will not be more than twice the size of the original file (ignoring the size of the directory). Thisis because
a new bucket of storage is allocated only when an existing bucket is more than 100% full and since only
one new equal sized bucket is added during the split, the utilization after splitting must be greater than
50%.

Piecewise Linear Order-Preserving Hashing (PLOP) Files

PLOPfiles are very similar to grid files: ak dimensional data spaceisdynamically partitioned by split-
ting each dimension into a series of dices. The intersection of one dlice from each dimension defines one
logical data bucket. Data points are stored in the bucket that has corresponding values in each dimension.
However, unlike grid files, each logical bucket corresponds one-to-one with a particular physical storage
bucket (also called a primary bucket or page). This property has several important ramifications. First,
splitting a dimension creates possibly many new physical storage buckets and causes all buckets within the
to-be-gplit slice to realign their data points. This makes minimizing the number of splitsapriority to reduce
the work done while splitting and to reduce the storage requirements for the PLOP file. Second, the need
for the grid file directory is eliminated because the physical primary page can be determined uniquely from
the logical region. A separate tree structure, called a split tree, is needed to keep track of the splits for each
dimension, but this structure is very small relative to the file and is assumed to be able to fit in local mem-
ory.

To help reduce the number of splits occurring in the data space (to conserve storage), PL OP files do not
require that all overflowing buckets cause a split. Rather the overflowing bucket can instead create a new
auxiliary bucket or extent in a separate file and can put extra data points there. Extent buckets can be con-
nected together to form a chain of data pages that all map to the same subregion in the data space. The
decision of when to split vswhen to chain extent pagesis up to the implementor, but several common strat-
egies include splitting when an entire dlice is on average 100% full or when a particular chain has grown
beyond some threshold length, such as six. Figure 11 shows a sample data space and two possible ways of

building a PLOP file, one splitting whenever a slice is greater than 100% full, the other splitting when the
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Figure 11 - Building a Two Dimensional PLOP File

depth of the chain is greater than two (the points are inserted in the sequence a, b, ¢, d, €). Thefina transi-
tion in Figure 11c warrants some explanation. The addition of e would create a new extent, the second, for
region 0. Therefore, the strategy determines asplit is necessary. We choose the X dimension at random and
split at the median point which causes two pointsto be put into the left split (region 0) and three pointsinto
theright split (region 1). Finally, region O’'s extent page is reclaimed and an extent is created for region 1 to
hold its extra point. As demonstrated in Figure 11, PLOP file partitioning depends heavily on the split
strategy employed. Using different split strategies the same insertion sequence of data can yield signifi-
cantly different data partitions and storage utilizations. The final state of Figure 11b requires more space (5
pages), but has greater precision (more precise partition values and hence more precise searches) than Fig-
ure 11c.

Likegrid files, PLOPfilesfit NRAO’s requirements very well and for the same reasons. PLOP filesare
tailored to multidimensional range queries, exploiting data locality along multiple keys, and reducing the
search space through partitioning of the data space. Point accesses are efficient in the average case, though

the upper bound on the number of accesses needed to access a single item depends on the split strategy.
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Grid Filesvs PLOP Files

Gridfiles[5] and PLOP files [6,7] both eliminate the hierarchical index structure used in k-d trees and
guadtrees by imposing more structure on the data. Thus both the need for alogarithmic number of accesses
to an index file and the complexity of balancing atree structure are eliminated (although new complexities
in properly maintaining the file structure are introduced). Grid and PLOP files are similar in their general
approach, both are based on partitioning the k-dimensional data space into k-dimensional subregions
where all points within that region are stored. By storing points within a subregion together, both grid and
PL OP files support increased data locality along all dimensions, thus facilitating range queries. In genera
both grid files and PLOP files are very good candidates for NRAO'’s environment. In fact, they are the two
most appropriate files structures we have studied. However, there are several properties that differentiate
them, including point access performance, storage utilization, ease of implementation and parallel sorting
characteristics.

Grid files require afixed two /O operations to access a single bucket and therefore have a predictable
single bucket access performance. On the other hand, PLOP files require a varying number of operations
for a single bucket access and as a result have less predictable performance. However, eliminating the
directory allows PLOP files to access a single bucket in as little as one 1/0O operation. This means that
PLOP files can achieve average bucket depths (the number of chained pages in a bucket) of less then two
and can therefore potentially enjoy a performance advantage on average over grid files for point accesses
and range queries. Kriegel and Seeger [6] compared the average relative performance of grid and PLOP
files (measured as the number of 1/0 operations necessary to fulfill arequest) for point queries and several
types of range queries. They found PLORP files to be superior for all queriesfor all sample data sets tested,
which included data sets with uniform and non-uniform distributions. This study provides some concrete
examples that PLOP files can achieve low average bucket depth and superior performance over a range of
data distributions and is generally encouraging for PLOP files. However, this study does not prove conclu-
sively the superiority of PLOP filesfor all data distributions and insertion patterns.

A fundamental difference between grid files and PLOP files is how each handles allocating storage.
Grid files attempt to keep the physical storage requirements low by grouping adjacent logical regions
together in one physical bucket, while PLOP files do it by trying to reduce the number of logical regions

(and hence physical buckets) by allowing crowded regions to use more space as needed. These different
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Both files were created by inserting the following pointsin order: (1,1), (2,1) (2.5,2), (3,1.5), (3.5,3), (4,0.5),
(5,3), (5.5,2), (6,0.75), (7,4), (8,2)

Figure 12 - Inserting a Sorted List Into Grid and PLOP Files

approaches yield different relative storage utilizations under different circumstances. It appears that the
insertion pattern is particularly important. In the same study where Kriegel and Seeger compared the per-
formance of range and point accesses, they compared the relative storage requirements of grid and PLOP
files [6]. They found that using random insertion of points in the test data sets resulted in PLORP files hav-
ing better storage utilization in all of their test cases. While it appears that PLOP files perform somewhat
better than grid files for random insertion patterns, there is reason to believe that PL OP files may not per-
form as well with some non-random insertion patterns. An example of a realistic non-random insertion
pattern is inserting points from a previously sorted data set. Figure 12 compares the final layout of a grid
file and a PLOP file after inserting a series of points sorted by their X value in ascending order. For both
filesthe split axis was alternated between the X and Y dimensions, starting with the X axis, and both chose
the split value as the median value of the slice where the split was to occur. The PLOP file was split when
an insertion caused a bucket depth of greater than two (i.e. a second extent page would be needed). Figure
12a demonstrates how the grid file can adapt to this insertion pattern by mapping sparsely populated areas
of the partitioned space to one physical bucket. Figure 12b shows how the PLOP file does not adapt well to
this particular insertion pattern. Once a split occurs along the X dimension, no points will ever be added to
dices with lesser X values. Whenever the space is partitioned along the Y axis, al of the new buckets are
wasted except the one for the largest valued X dice (the right-most in the figure). Overal, it appears that

while PLOP files may marginally outperform grid files in storage utilization for certain insertion patterns,
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grid files are more likely to perform well for a wide range of insertion patterns and seem to offer a better
worst case utilization.

Another difference between grid and PLOP files is their ease of implementation. Both file structures
have complex algorithms for implementing their dynamic insert, update and delete routines. The actual
complexity of the implementation differs within each file structure depending on the split and merge strat-
egies used. However, because grid files allow physical regions to be mapped to different size and shape
logical regions, the insert, update, and delete operations are more complex than those of PLOP files. Since
the mapping between logical regions and physical buckets is one way (from logical to physica only),
determining whether to split a full bucket or simply break up a physical bucket that spans multiple logical
regions involves searching the directory entries of adjacent logical regionsin all dimensions. Determining
how to split up a multiply mapped physical bucket can also be complex. Similarly, determining when and
how to merge during a delete operation is difficult. PLOP files do not require any directory searches or the
subsequent directory updates. In fact, once a split is determined to be necessary, the split process for PLOP
files is conceptualy straightforward: create the new physical buckets, go through each bucket along the
split slice moving the appropriate datato the newly created buckets, and add an entry into that dimension’s
split tree.

For retrievals, PLOP files are again easier to implement. There is no need for an intermediate access to
the directory since there is no directory for PLOP files. Retrieving al pointsin a bucket is simple, by fol-
lowing the chained pointers. Due to the many-to-one relationship between logical and physical buckets,
efficiently implementing range searches for grid files requires additional software to track which logical
regions have aready been searched. For example, suppose three adjacent logical buckets in agrid file are
mapped to the same physical bucket (such asin the left-most column of Figure 11a) and we issue arange
query that encompasses this entire region. The grid file implementation must be able to track which physi-
cal buckets have been searched to avoid excess I/O operations and duplicate data. Overal, PLOP file I/O
agorithms are conceptually simpler and easier to implement.

PL OP files have the property that each physical page maps to exactly one logical bucket. This means
that the physical buckets for any slice dong a dimension are digoint from the physical buckets of all other
dicesin that dimension. Therefore sorting the data of a query that spans several dlices for the sort key can
be broken into multiple smaller sorted queries, each working on one slice. This strategy can improve per-
formance in two ways. First, breaking the problem into smaller chunks improves the performance of the

overal sorting computation. Sorting has a O(n log n) time complexity, where n is the number of items
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sorted. Assume a query that retrieves 220 jtems can be broken into 16 equal sized digoint sets. The com-
bined time to sort all the disjoint setsis 16(21° log 216) = 22 time units as compared to 22° log 22° = 1.25
x 224 (adifference of 25%). Second, each of the slices could be sorted in parallel on separate processors. In
the ideal case, with even split sizes, homogeneous computing resources and no added overhead, sorting
time could be reduced to O(n/p log n/p) where p isthe number of slices along the sort axis that are spanned
by the query. Grid files do not have this property as the boundaries for physical buckets can span multiple
dices. It istherefore difficult to separate the data into disjoint sets along the sort key.

After weighing the differences between grid and PLOP files, we decided to use the PLOP file structure
for our NRAO test implementation. This does not imply that grid files are not acceptable for NRAO's envi-
ronment, but rather that PLOP files appear to be better. The results of Kriegel and Seeger encouraged us
that we could achieve better retrieval performance using PLOP files. The ease of implementation of PLOP
files was aso an attractive feature as was the ability to implement parallel sorting algorithms easily. The
main drawback of PLOP files, that of potentialy poor data space partitioning and low storage utilization
for non-random insertion patterns (as in Figure 12), could be a serious problem in NRAO’s environment
because it is likely that non-random insertion patterns, especially sorted data sets, will be used in the cre-
ation of PLOP files. We felt this problem could be alleviated by collecting statistics about the data set and
pre-partitioning the PLOP file based on these statistics. Since the partitioning is based on statistics about
the entirefile, the partitioning will not be biased by the insertion order, and should be better than adynamic
partitioning strategy. The remainder of the paper will describe our PLOP file implementation, the results

we achieved, and our plans for future work.

5.0 Implementation

Our implementation is comprised of a set of C++ classes. The main structure is a hierarchy of file
classes for PLOP files, abase class for the general PLOP file (pl opFi | e), aderived PLOP file class spe-
cificaly for a group of data files that hold interferometry data (I FPI opFi | e), and two further derived
subclasses, one each for line-spectrum and continuum interferometry data (I FLi nePl opFi |l e and
| FCont Pl opFi | e). Figure 13 shows the relationship between these classes. For retrieving data and test-
ing performance, aquer yW ndow class was created which provides the interface to the user to describe
queries and obtain results from the PLOP files. Several additional classes were implemented to support the

PLOP file hierarchy, including classes implementing individual PLOP file pages and interferometry
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Figure 13 - PLOP File Class Hierarchy
records (pl opPage and | FRecord, respectively), file statistics for calculating split values

(I FFi | eSt at s), and trees and lists of split values.

The goal of the PLOPfile hierarchy isto provide aframework for building high performance type-spe-
cific PLOP files and in particular PLOP files designed for NRAO’s data and access requirements. We used
the object oriented paradigm because it supports modularization and encapsulation of functionality and,
through inheritance, extensibility and code re-use. The purpose of the base pl opFi | e classisto define
those objects and functionality that are common to all PLOP files. The | FPI opFi | e subclass contains
additional objects and implements most of the functionality for the interferometry data files we tested.
Finaly, the type-specific PLOP file classes, | FLi nePl opFi | e and | FCont Pl opFi | e define and
implement the remaining file-specific functionality.

Figure 14 shows the essential details of the | FLi nePl opFi | e class definition, including the parts
derived from its ancestors and the virtual functions that were redefined. For brevity some details have been
omitted. The interface revealed to the end user consists of a handful of member functions: a constructor
and destructor, and open, r eadHeader, wi t eHeader, addRecord, report Stats and cre-
at eFr onfFi t s functions. These few functions alow the user to create the PLOP file and add data to it.
Since our tests will not require updating records or deleting them, no update functions have been included
in the interface. In the future, these functions can easily be added to the existing interface as needed.

Retrieval mechanisms for the PLOP files are implemented in a separate C++ class, quer yMyr. By
packaging the retrieval portion separately from the file object, the user can define multiple queries simulta-
neously in the same application, each related to the same or to different PLOP file objects. To perform a
guery, the user first specifies the query using the quer yDesc class and then tells the PL OP file object that
anew query isbeing started (viaacall to the newQuer y () member function). The user isreturned a que-

ryMgr object that is used to request the records that satisfy the query. The interface for quer yDesc
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Derived From plopFile: Derived From IFPlopFile:
protected: protected:
plopPage *currentPrimPage; int sortPageList(pagelnfo**, IFRecord**, int, int);
plopPage *currentExtPage; void readFitsWritePlop(IFFitsFile&);
int rimaryFd, void createSplits(IFFitsFile&);
drFd, extFd; void initPlopFile();
char *fileNamePrim, calcPageNumber(int*, IFRecord);
*fileNameExt; calcPageNumber(int*, float*);
int numAXxes; calcPageNumber(int*);
int numKeys;
keyDesc *keys; public:
int pgSize, recSize, int numFrequencies;
recsPerPage; float baseFreq;
int pageHdrSize; float freqDelta;
long totalRecs; date observeDate;
long totalExtents, float IFVal, RAVal, DecVal;
nextExtentPgNum;
long totalPrimPages; addRecord(IFRecord*, pagelnfo*);
void reportStats();
// slice trees for each dimension int open();
sliceTreeNode **axisSlice; int createFromFits(int, IFFitsFile&);
// # slices for each axis IFLinePlopFile Specific:
int *numAxisSlices;
New:
// # points in each slice of each axis private:
long *numPointsInSlice; int numFreqSel;
frequencySelector  *freqSel;
void createPlopFiles();
Redefined IFPlopFile virtual functions:
public: protected:
plopFile(char* primNm, char* extNm); void copyFitsInfo(IFFitsFile&);
~plopFile(); void setupKey(IFFitsFile&);
public:
int readHeader();
int writeHeader();

Figure 14 - IFLinePlopFile Class Definition

allows the user to easily specify the types of queries required by NRAO, i.e. sorted and unsorted range
gueries and point queries. Setting up a query is done by declaggrydDesc object and then setting

the range or ranges to search for each dimension and specifying the dimension by which to sort the result-
ing data For example, to search for all data with times between 0.1 and 0.2 and U values between -1000
and +1000 sorted by the time dimension, mue@ryDesc “set” calls are necessarget(“Time”,

0.1, 0.2) andset(“U”, -1000.0, 1000.0) , and one call is necessary to set the primary sort
dimensionsortBy(“Time”, 1, ASCENDING ). The “set” functions can all take multiple ranges for a
single queryThe result of such a query is that all data matching any of the ranges specified is retrieved. If
the user desires the data for times (0.1,0.2), (0.5,0.75), and (0.9,1.0), a query can be made by using the
set() function three times, one for each range. Single axis value queries are formed by specifying the

same value for the upper and lower part of the range, such as (0.1,0.1).
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public: public (cont.):
/I constructor and destructor
queryDesc(IFPlopFile*); /I set functions
~queryWindow(); void set(int key, int lower, int upper);
void set(char* keyName, int lower, int upper);
/I reset functions void set(int key, float lower, float upper);
void resetAll(); void set(char* keyName, float lower, float upper);
void reset(int key); void set(int key, polarization lower, polarization upper);
void reset(char* keyName); void set(char* keyName, polarization lower,
polarization upper);
// sorting functions void set(int key, Time lower, Time upper);
void sortBy(int key, int sortNumber, int sortDir); void set(char* keyName, Time lower, Time upper);
void sortBy(char* keyName, int sortNumber, int sortDir); -

Figure 15 - QueryDesc Class Interface

The only retrieval command currently implemented is get Records(int). Get Records()
returns the specified number of records requested up to the amount remaining in the query. If the query is

sorted the records are returned in sorted order, otherwise they are returned in an unspecified order.

6.0 Results

The purpose of implementing PLOP files was to improve NRAO'’s performance, particularly the per-
formance of 1/0 requests. We selected two typical NRAO data sets and converted them to PLOP files, mea-
suring such factors as the storage utilization, conversion time, and bucket depth. We then designed a set of
dataretrieval queries representative of typical NRAO requests and tested their performance. The following
sections describe our experience with these test files. First, we describe the files used in more detail. Sec-
ond, we present the results of the conversion process, the characteristics of the converted file and a discus-
sion of choosing the dimensions for a PLOP file. Finally, we discuss the test queries, results, and

observations about PLOP file retrieval performance.

6.1 Test Data Sets

The two data sets we selected for testing both contain interferometry data collected at NRAO’s Very
Large Array (VLA) facility. The VLA is composed of many individual radio antennas, each with a host of
sensory devices. Groups of antennas are aimed at the same area of the sky and each antenna collects data
individually. The data from each pair of antennas (called a baseline) are synthesized into a data value for
each antenna pair in the array. By correlating the data in this manner, the array can act like a single very
large antennainstead of a group of smaller antennas. Data of this form are collected at periodic time inter-
vals to provide atime sequence picture of the object of interest.

The two interferometry files we converted both contain correlated data as described above. The first

file contains “line-spectrum” data which are collected for a series of polarizations and a series of frequen-
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cies within a specified range or frequency band. The keys that make each data point unigue are time, base-
line, polarization and frequency. In addition, there are other data values associated with each record: the
source of the measurement (the astronomical object of interest), the frequency domain coordinates of the
baseline (U, V, W), and the frequency band. Each measurement is a single complex number and weight.
The second file contains “continuum” data which are also collected for a series of polarizations, but are not
collected for a series of frequencies. Each baseline measurement is a composite value for a range of fre-
guencies. Therefore the unique keys for continuum data are time, baseline and polarization. Like line-spec-
trum data, each continuum measurement is comprised of a complex humber and weight and each record
stores the frequency domain coordinates of the baseline.

Although these two files appear to be very similar there are some important differences. First, the line-
spectrum data set contains records for multiple frequencies (31 frequencies for the file we used). To reduce
storage space requirements for the file, NRA O typically storesal of the frequency and polarization records
for the same time and baseline together as one large record. This reduces the file size by eliminating the
need to duplicate the key fields for each frequency and polarization pair. For our line-spectrum file, the
storage space required to break the file into individual frequency records is 338% more than grouping all
frequencies into one record. We therefore decided to keep all frequencies together. The ratio of data bytes
to key bytes in the line-spectrum records is fairly high, 372 data bytes vs 32 key bytes, or 11.6 times. The
layout of the continuum file is different. Since there is no frequency key, thereis only one measurement per
record. Consequently, the continuum file has a very low data-to-key storage ratio of 0.6 (12 data vs 20 key
bytes).

The two files differ in one other important aspect, size. The line-spectrum file is considered to be a
small file by NRAO standards, while the continuum is a medium sized file. The line-spectrum file contains
126,092 records (in the “grouped frequency” record format described above), each 404 bytes in length (~
51 million bytes). The continuum file contains 8,440,092 records, each 32 bytes in length (~ 270 million
bytes).

6.2 File Conversion

Before creating a PLOP file, the dimensions (also called axes) of the data space must be chosen. The
dimensions chosen determine which keys will be able to narrow the search space when data is accessed
and which dimensions will not. Therefore, choosing the dimensions must be driven by data access require-

ments. Keysthat are frequently used in range queries and especially those keys that frequently have a small
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portion of their overall range accessed are the best axis candidates, while keys that are rarely used to filter
data requests are poor choices for a dimension. An important consideration when choosing the axes for a
PLORP file is that the more dimensions there are in the data space, the less each dimension will be split.
Fewer splits within an axis lowers the precision of the that axis (each dlice for the dimension contains a
wider range of data values), and therefore, searches will access a larger amount of unnecessary data on
average. There is a fundamental trade-off between the number of axes and the precision of each axis and
the choice of dimensions must balance the benefits of more axes with the decrease in average axis preci-
sion. The final decision of which axes to include must be determined by the relative importance of each
access pattern and how useful each dimension isin narrowing the search space for these accesses. The pre-
cision of each dimension is also effected by the split strategy employed during creation of a PLOP file.
Round-robin split strategies spread out the available number of splits evenly among the dimensions, while
weighted schemes give more precision to some dimensions at the expense of other dimensions.

NRAOQO's typica access patterns for line-spectrum files primarily use seven different keys. time, base-
line, polarization, frequency, source, U, and V. Of these time is the most frequently used in range queries,
but the other axes are al used regularly in various applications. Due to the increased storage cost associ-
ated with storing a separate record for each frequency (as discussed in section 6.1), we decided not to use
frequency as an axis. We tried three strategies for defining the dimensions of the data space.

Our initial PLOP file conversion used all six of the remaining keys (after frequency was eliminated),
creating a six-dimensional data space. Our implementation automatically pre-partitioned the data space
using the following strategy. First, since the number of polarizations is limited (a maximum of four dis-
crete values), known beforehand (two in this case), and the records are distributed evenly among the polar-
ization values, we split the file along each polarization value. Similarly, there are usually alimited number
of sources (three in this file) and we know the values beforehand. However, there is no guarantee that the
data points are evenly distributed among the different sources. To keep the partitioning scheme reasonably
simple, we ignored this last fact during our test and allocated a split for each source value, realizing that a
poor distribution among the sources would waste a significant amount of space (this did not turn out to be
the case, as the distribution of data among the sources was fairly even). For the remaining four axes, we
collected histogram statistics for each dimension independent of the other dimensions. We then split the
data space roughly an equal number of times in each dimension using the histogram statistics to determine
split values such that each dlice along a dimension had approximately the same number of points. Since the

histogram statistics are collected independently for each dimension this partitioning is not optimal because
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it fails to look at the entire multi-dimensional distribution and therefore ignoresdimtensional relation-
ships. This scheme should, howewgive better results than dynamic partitioning. The size of the final
data space was set to be approximately the size of the data space needed if all buckets were 100% full.

A full description of the partitioning process for the line-spectrum file follows. First, the total size
(number of buckets) of a 100% full data space was determined. Each bucket contains 10 records and there
are 126,092 records, so 12,610 buckets are needed if each bucket is on average 100% full. Next we allo-
cated the polarization partitions (2) and then the source patrtitions (3), cutting the data space into 2x3 = 6
separate regions. &\éstimated how many partitions would be necessary to evenly distribute the remaining

splits among the remaining dimension as

whereD is the number of dimensions in the data spdag,the number of dimensions whose splits have
already been allocateN is the number of splits allocated to dimengidfthe dimensions in this example
are numbered as follows, polarization - 1, source - 2, U - 3, V - 4, baseline - 5, time -B)sdhd total
number of buckets desired (12,610 in this case). For the U dimension, the number of splits was the fourth
root of [12,610 / 2x3] (6, rounded down), while fartlle number of splits was the cube root of [12,610 /
2x3x6] (7, rounded down). The number of splits for baseline and time were determined similarly to be 7
and 8 respectivelyounding up for the final dimension. Thus, we created a fuBd6X7x7x8 six-dimen-
sional data space comprised of 14 primary buckets.

To convert the line-spectrum file to a PLOP file, we prepartitioned the space as described above, creat-
ing all of the empty primary pagesevddded the data points without using any dynamic splitting strategy
to further partition the data space. Using this conversion strategy resulted in poor storage utilization and

bucket depth. In fact, approximately two-thirds of the primary buckets were ,am@tsnaximum chain
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Source

Sice# 0 1 2

0| 15,372 702 0

1 0 7,722 7,722

2 0 6,318 9,128

Eé) 3 0 9,828 5,616
- 4 0 7,722 7,722
5 0 7,020 8,424

6 1,910 8,424 5,616

7| 16,848 0 0

Table 1: Data Distribution in 4D Regions Defined by T  ime and Source Axes

bucket depth was 29, and the storage utilization was 52%.% One observation is that if we had used a Grid
fileimplementation, it islikely that this problem would not have occurred.

After collecting distribution statistics for each pair of axes, it was discovered that there was a poor dis-
tribution of data for source and time pairs. Table 1 shows the distribution of points to each of the four-
dimensional regions defined by the intersection of slices from the source and time axes. If the data were
evenly distributed, there should be approximately 5,250 pointsin each region. Almost al of the regionsin
Table 1 are either significantly over- or under-populated, resulting in deep bucket depths or wasted space,
respectively. In fact, each zero value in the table means that a 2x6x7x7 space (588 pages) is completely
empty. This problem arose because there is an inter-relationship between the time and source axes. Fre-
guently, one particular source is observed for a period of time, then another source is observed for awhile,
and so on. This explains the distribution in Table 1. Source 0 was observed first for almost the entire range
of timesin the first time dlice, then sources 1 and 2 were observed, aternating between then during the
next few time slices. Finally, source 0 was studied again at the end of the file's time range.

To attempt to correct this poor partitioning, we chose to eliminate the source axis, reducing the data
spaceto five dimensions. This action, of course, eliminates source as akey that can reduce the search space
for a query. We prepartitioned the file as before, resulting in a 2x8x9x9x10 five dimensional data space

(12,960 subregions). The storage utilization and bucket depth statistics were better than the previous case,

5. Storage utilization for PLOP files is the percentage of space taken up by actual data records out of all the space allocated for thefile.
The total storage allocated to the file includes al primary and extent pages and the header file. Therefore, the utilization rate includes PLOP file
overhead and internal fragmentation within data pages. Utilization = (record size * number of records)/total space allocated.
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but were still fairly poor. Storage utilization rose to 56%, empty buckets dropped to 60%, and the maxi-
mum bucket depth dropped to 19. The average bucket depth when only non-empty buckets were consid-
ered was 4.50 and the average depth when considering all buckets was 2.36. These numbers were not
acceptable from either a storage viewpoint or aretrieval performance standpoint.

Analyzing the data distribution pattern revealed that there is a relationship between the U and V axes
aswell as arelationship between U, V pairs and baselines. This time we decided to eliminate the U and V
axes, again reducing the number of axes that can be used in range queries to reduce the search space. The
resulting data space was a 2x79x80 three-dimensional data space (12,640 subregions) comprised of polar-
ization, baseline, and time axes. The results of the file conversion for this strategy were very good. Storage
utilization rose to aimost 79%, empty pages were eliminated completely, and average bucket depth was
reduced to approximately 1.25. In addition, the maximum bucket depth was reduced to 2, with 92% of all
points stored in the primary page and 8% stored in the extent page (an average point depth of 1.08). These
results mean that for this particular file we were able to reduce the average number of accesses for a point
guery to 1.08 indicating that we would expect better average case performance for point using thisfile over
asimilar grid file while maintaining the same worst case performance (2 I/O operations).

Since the continuum file is very similar in layout, we used the same three axes as the final line-spec-
trum file. The continuum file was prepartitioned into a 4x128x130 (66,560 subregions) three-dimension
gpace. Conversion of the file showed that the pre-partitioning for this file also worked well. Storage utiliza-
tion was 66%, there were only 128 empty pages (0.2%), average bucket depth was 1.50, and average point
depth was 1.11. While the maximum bucket depth was five, depths of greater than two were very rare (only
20 out of 66,560 subregions or 0.03%). The conversion results for both files are shown in Table 2.

The conversion process brought out several important aspects of PLOP files. First, the selection of
axesfor PLOP filesiscrucia for good performance and storage utilization. PLOP files work best with axes
that are completely independent of one another. Conversely, they do not handle interrel ationships between
axes very well, often forcing large portions of the data space to be empty or near empty, while other por-
tions are overpopulated. Second, prepartitioning the data space based on fairly simple statistics and asim-
ple heuristic can provide good results even for insertion patterns that would not work well with dynamic
partitioning. Because of prepartitioning the converted line-spectrum file had very good partitioning despite

being inserted sorted by the time axes. This insertion pattern would have yielded very poor partitioning for

33



Line-Spectrum Continuum

Number of Records 126,092 8,440,092
Record Size (bytes) 400 32
Page Size (bytes) 4,096 4,096
Records Per Page 10 127
Number of Splits Along Polarization Axis 2 4
Number of Splits Along Baseline Axis 79 128
Number of Splits Along Time Axis 80 130
Total Primary Pages 12,640 66,560
Total Extent Pages 3,168 33,320
Header File Size (kilobytes) 55 8.7
Total Storage Used (kilobytes) 63,238 399,529
Storage Required (kilobytes) 49,747 263,753
(Record Size x Number of Records)

Storage Utilization 78.6% 66.0%
(Space Req' d/Storage Used)

Empty Pages 0 128
Maximum Bucket Depth 2 5
Number of Buckets w/ Depth > 2 0 20
Average Bucket Depth 1.25 1.50
Average Point Depth 1.08 111
Conversion Time (minutes) 84 87

Table 2: Conversion Results for Line-Spectrum and Continuum PLOP Files

dynamic partitioning schemes. Third, PLOP files can be created for real files that have excellent perfor-
mance indicators (average and worst case bucket depth) and high storage utilization.

The conversion process involves a large amount of work, including gathering the histogram statistics
needed for the partitioning scheme, actually partitioning the data space, and converting each record from
the source file format (a FITS file in both cases) to the PLOP format. Therefore, we implemented several
optimizations during the conversion process, including reading and buffering of large chunks of source
records and ordering of record insertions to minimize file 1/O operations to the destination PLOP file. The
line-spectrum conversion took approximately 8.4 minutes on a SparcStation IPX using an attached disk
while the continuum file took about 1 hour and 27 minutes on the same hardware. These results seem to
indicate that conversion time not only increases with file size, but also increases significantly with the

number of records converted.

6.3 PLOP File Query Performance
To test the performance of retrieving datafrom our PLOP files, we constructed a set of test queries that

represent either common access patterns currently used at NRAO for the VLA files, or interesting bench-



mark queries. We ran the queries a minimum of three times on both of the files and recorded the best
retrieval time and other important statistics for each query, including the number of file I/O operations
needed and the amount of total and useful data retrieved. All times are wall clock times encompassing the
entire length of the query, including any time to calculate the pages of interest and to sort results. There-
fore, al facets of the query are included in the timing information including any software overhead associ-
ated with the query. To avoid skewing of results due to file caching, large file copy jobs were run in
between successive tests to clear the file cache of any relevant data. All tests were run on a single Sun
SPARCStation IPX with 32 megabytes of RAM and an attached hard disk. The disk has an average rota-
tional latency of 6.95 milliseconds and an average seek time of 9.8 milliseconds.

The measure we are most interested in is the effective bandwidth of a query. The effective bandwidth
of a query is the amount of useful data per time unit that can be retrieved from the file. This measure is
more useful than total bandwidth in determining the performance of a query because it reflects not only the
speed with which 1/0 requests can be performed, but also the accuracy of the requests (total bandwidth is
the rate at which al data, including overhead space and empty space due to fragmentation and non-full
pages, is retrieved). For example, we may be able to achieve a high total bandwidth of, say 2 megabytes
per second, but if the accuracy of the data retrieved is low, such as 5%, then the retrieval rate for “good”
datais a more modest 100 Kilobytes/second. Raising the accuracy directly raises the effective bandwidth
of a query and subsequently raises the rate at which needed data is injected into the application program.
Increasing effective bandwidth effectively reduces the amount of time spent performing I/O which is

exactly what is needed to alleviate an I/O bottleneck.

6.3.1 Test Queries

The twelve queries we chose to test our PLOP file performance and the rationale for the choice are

now presented.

* 1) All data, unsorted - thisis a benchmark test to determine the full fileretrieval rate. Since al datais
desired, the difference between the total and effective bandwidth for this query should reflect only
the amount of space used as page overhead and space wasted due to internal fragmentation.

« 2) All data, sorted by time - thisis a common query at NRAO and when compared with the unsorted
version (query #1), this query should give a good indication of the performance of sorting for our
PLOP files.

« 3) All data, sorted by baseline - this query was chosen to compare the performance of sorting by dif-

ferent keys. When the PLOP files were created, the time axis was split last. Consequently, al of the
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pages for a time dlice are potentially consecutive (depending on disk fragmentation) and therefore
we would expect sorting by baseline to potentially be slower than sorting by time due to increased
disk head movement.

« 4) Time Range (approx. 10%), all other data, unsorted - benchmark query to compare retrieval time
for range query vsal data (query #1).

« 5) Time range (approx. 10%), all other data, sorted by U - benchmark query to compare sorting time
for non-axis sort key unsorted retrieval time (query #4). The exact same range was used as query #4.

* 6) 1time, 1 polarization, all baselines, unsorted - this is a common query at NRAO to gather al of
the baseline data for a particular time and polarization. Since the ranges for this query narrow the
search space considerably, we would expect very fast retrieval times.

« 7) Time range (approx. 10%), 1 polarization, all baselines, unsorted - a common NRAO access pat-
tern. For multi-source files, this query is similar to accessing al the data for a single source and
polarization (often a table mapping source to time range is kept).

* 8) Time range (approx. 50%), 1 baseline, all polarizations, unsorted - common NRAO query, used
for aggregating a set of measurements for a single baseline.

« 9) Time range (approx. 50%), antenna #1, all polarizations, unsorted - a common NRAO query that
is often used to correct or inspect the data from an instrument that may have been malfunctioning
during a certain period of time. Searching for one antenna’s data means searching for all baselines of
which the antenna is a part. Baseline values are stored as a single number with the lower numbered
antenna being used as the high-order byte and the higher numbered antenna being used as the low-
order byte. For example, the baseline 3-5 (i.e. the baseline comprised of antennas 3 and 5) is stored
as 3x256 + 5 = 773. To retrieve data for an antenna, it is necessary to search the range with the
antenna as the lower numbered antenna and those ranges with the antenna as the higher numbered
antenna. Since antenna #1 is the lowest numbered antenna, to retrieve all of its data, only the range
257-284 needs to be searched (there are only 27 antennas). Therefore, we would expect antenna #1
to have the best retrieval time of all similar antenna searches.

« 10) Time range (approx. 50%), antenna #14, all polarizations, unsorted - same as query 9, except the
antenna searched for is in the middle of the range of antennas. This query will require 14 ranges to
be searched, the 13 ranges with antenna 14 as the higher numbered antenna, and the one range with
antenna 14 as the lower numbered antenna. This query should take longer than query 9, but lesstime

than query 11.
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Total % # # | TO® 1o Good | . |Tota Bw | Effective

# | Records ge%(c))rogs Good |Primary| Extent Re?r?tei od Data (s;—clcgggs) (KBytes/ (KEV\t/ o/
Retrieved Records| Pages | Pages (K Bytes) (Accuracy) Sec) se)r/;)

1 126,092| 126,092 100% 12,640 3,168 63,232 78.7% 55.49 1,139 897
2 126,092| 126,092 100% 12,640 3,168 63,232 78.7% 70.5 897 706
3 126,092| 126,092 100% 12,640 3,168 63,232 78.7% 181.8 348 274
4 14,742 12,636 85.7% 1,422 474 7,584 65.7% 4.10 1,850 1,216
5 14,742 12,636 85.7% 1,422 474 7,584 65.7% 6.85 1,107 728]
6 702 351 50% 79 0 316 43.8% 0.271 1,166 511
7 7,371 6,318 85.7% 711 237 3,792 65.7% 233 1,627 1,079]
8 752 186 24.7% 84 20 416 17.6% 145 287 51
9 5,072 4,836 95.3% 504 120 2,496 76.4% 4.03 619 473
10 15,026 4,836 32.2% 1,512 360 7,488 25.5% 145 516 132
11 21,778 4,836 22.2% 2,184 528 10,848 17.6% 20.3 534 94
12 720 180 25% 80 20 400 17.7% 1.49 268 48

Table 3 - Query Performance for Line-Spectrum PLOP File

« 11) Time range (approx. 50%), antenna 27, all polarizations, unsorted - same as queries 9 and 10,
except for the largest numbered antenna, #27.
« 12) All times, 1 baseline, 1 polarization, sorted by time - acommon NRAO query. This query givesa

time sequence picture of all the data collected from a single baseline and polarization.

6.3.2 Query Results and Observations

Tables 3 and 4 summarize the results of the tests for the line-spectrum and continuum data sets, respec-
tively. Since we have not implemented an out-of-core sorting algorithm, query 5 could not be run for the
continuum file as the resultant data was too large to sort in local memory. We would expect similar results

to those achieved for the line-spectrum file scaled to the size of the continuum file.
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Total % # # | TO® 1o Good | . |Tota Bw | Effective
# | Records ge%(c))ro(?s Good |Primary| Extent Re?r?tei od Data (s;—clcgggs) (KBytes/ (KEV\t/ o/
Retrieved Records| Pages | Pages (K Bytes) (Accuracy) Sec) se)r/:)

1| 8,440,092| 8,440,092 100% 66,560 33,320 399,520 66.0% 375 1,065 703
2| 8,440,092(8,440,092 100%| 66,560 33,320 399,520 66.0% 637 627 413
3| 8,440,092|8,440,092 100% 66,560 33,320 399,520 66.0% 1,382 289 191
4 968,220| 951,320 98.3% 7,680 3,344 44,096 67.4% 49.3 894 603
5 N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
6 31,673 351 1.1% 256 130 1,544 0.71% 1.29 1,197 8.5
7 242,055| 237,830 98.3% 1,920 836 11,024 67.4% 133 829 559]
8 40,124| 13,256 33.0% 260 208 1,872 22.1% 8.0 234 52
9 329,316| 326,428 99.1% 2,600 1,184 15,136 67.4% 285 531 358]
10 673,924| 326,172 48.4% 5200 2,596 31,184 32.7% 175 178 58
11 693,528 0 0% 6,240 1,652 31,568 0% 194 163 0] |
12 19,379 6,256 32.3% 130 90 880 22.2% 6.3 140 31

Table 4 - Query Performance for Continuum PLOP File

Thefirst query retrieved the entire data set without sorting the results. The unsorted query achieved an
average total bandwidth of over 1.1 megabytes per second and an effective bandwidth of aimost 900 kilo-
bytes per second for the line-spectrum file and almost 1.1 megabytes/second total and over 700 kilobytes/
second effective bandwidth for the continuum file. The total bandwidth for this query was significantly
below the maximum transfer rate for the disk drive (3 megabytes/second) because of the head movement
required to follow chained buckets, possible head movement due to disk fragmentation, and program code
and operating system overhead. The difference between the bandwidth figures for the two files can be
explained by the difference in the average bucket depth between the two files. The line-spectrum file had
an average bucket depth of about 1.25 compared to 1.50 for the continuum file. The result of this differ-
enceisthat the continuum query had to follow a chain more often (once every two primary pages on aver-
age rather than once every four pages) than the query for the line-spectrum query. This caused the
continuum query to have more disk head movement on average, especially on anon- or lightly fragmented
disk (which we believe our disk was).

The second and third queries also retrieved the entire data set, but the results were sorted by time and
baseline, respectively. We would expect that the sorted queries would not perform as well as the unsorted
queries due to the time required to sort the results, and this was the case for both files. We would also
expect that the query sorted by time would be faster than the query sorted by baseline. To see why thisis

the case, the procedure for retrieving data sorted along an axis key must be understood. To retrieve arange
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Figure 16 - Retrieval of a Time Slice vs a Baseline Slice

of data sorted by one of the PLOP file dimensions, the query is broken into several subqueries, one for each
dice along the sort key. These queries are then processed in sequence, each retrieving, filtering and sorting
one slice of the query. The performance of retrieving one slice of data depends on the layout of the primary
pages for the slice, which is dictated by the manner that the file was originally partitioned. In both PLOP
files, the polarization axis was split completely first, then the baseline dimension was completely split and
finally the time dimension was split (Figure 16a). This order of splitting was done purposely, so that the
primary pages for each time slice would all be contiguous (ignoring disk fragmentation) and therefore que-
ries sorting by the time axis would require less head movement and perform better than the other dimen-
sions (time was identified as the most used key for sorting by NRAO). Figures 16b and ¢ show how
retrieving a time slice requires a contiguous section of the primary file, while retrieving a baseline slice
requires primary pages scattered across the file.

We would expect query #4 (10% time range, unsorted) to have performance characteristics similar to
guery #1 (all data unsorted), but somewhat lower effective bandwidth because the query retrieves extra
unnecessary data at the boundaries of the query. For the line-spectrum file, the accuracy of the query did

decrease relative to query #1, but the total bandwidth increased enough to actually increase the effective
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bandwidth. The cause for the unexpected increase in total bandwidth is unknown, but we suspect that it
was caused by favorable scheduling by the operating system or favorable disk/file placement. For the con-
tinuum file, the total and effective bandwidth measures were closer to what we expected, that is, they were
close to those of query #1. Interestingly, the accuracy for the continuum query was slightly better than for
query #1, rather than worse as we expected. The reason for thisis that the region of data retrieved had a
lower average bucket depth (~ 1.44) than the file as a whole, and therefore, retrieved fewer extent pages
that were likely to be sparsely populated.

Thefifth query retrieved the exact same data as the fourth query, but sorted the data by a non-axis key,
U. The result was that sorting the data increased the retrieval time by 67%. It is our hope that in the next
phase of the project we can reduce the overall run-time of such queries by overlapping the sorting and 1/0
operations more effectively.

Queries six, seven, eight and twelve demonstrate the speed that PLOP files can afford for small, well
directed queries. In query six, the reduced accuracy in the continuum file caused the query to run slower
than the line-spectrum query, even though the total bandwidth was more than 50% greater and the amount
of dataretrieved was twelve times less. The lower accuracy for the continuum file was caused by having a
larger number of records per page, smaller record sizes and by having larger slices (caused by the size of
the file - the time dlice that was searched had 128 primary pages rather than 79 for the line-spectrum file).
The accuracy for this query could be increased by reducing the page size, which would reduce the number
records per page and force the file to be split more often, reducing the range of each dlice. For example, if
the continuum file page size were reduced to 1K, only 31 records would fit on a page and, using the same
splitting scheme described earlier, would result in a 4x260x262 data space. The single time, single polar-
ization query would require 260 1K pages instead of 128 4K pages, nearly 50% less data. Of course, this
requires more 1/O operations and potentially more disk seeks and the overall performance of reducing the
page size depends on the actual amount that the disk head must move and the speed of the disk relative to
the CPU. This illustrates the inherent trade-off between the precision of each axis and the number of 1/0
operations necessary to access arange of data.

Queries 9, 10, & 11 illustrate the effect the baseline numbering scheme has on queries using antenna
numbers. For both files, the query for antenna #1 (query 9) had the highest accuracy and effective band-
width and shortest run-time as expected. The higher precision of the continuum file's baseline axis helped
to increase the accuracy for the first two antenna queries, reducing the amount of unnecessary data

retrieved. The results of the last antenna query for the continuum file indicate that there was no data for
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antenna #27 in the file, but we would expect that the continuum file would have higher accuracy for this

guery aswell.

6.3.3 Comparison of PLOP Filesand Current NRAO Practices

Thereal test for our approach would be to determine the performance of our PLOP fileimplementation
versus that of NRAO applications using their current file structures and retrieval methods. Unfortunately,
collecting comparable timing information from existing NRAO applications has proved to be very difficult
because the data retrieval code is intertwined with other application code. We realize that this comparison
isimportant in determining the success of our work, so we are continuing our effort to gather this data. We
are also considering a comparison against other file structures such as a sequentia file (like NRAO cur-

rently uses) or an indexed sorted file.

7.0 Summary

We fedl that the standard paradigm of treating files as untyped, unstructured byte streams is an out-
dated concept. Rather files should be treated as persistent objects. By developing file objects and applying
object-oriented techniques, we feel that high performance 1/0 can be achieved while better supporting
ease-of -use and easing the development and maintenance of 1/O related code. Thisisthe ELFS philosophy.
In this paper we have presented our experience in applying the ELFS approach to the specific problem of
providing high performance multidimensional range search capabilities for radio astronomy data. We
developed a base class, pl opFi | e, which isimplemented using afile structure designed to support mul-
tidimensional range searches, the PLOP-hashing file. We extended the base class functionality for interfer-
ometry data (I FPl opFi | e) and further extended it for two specific types of interferometry data
(I FLi nePl opFi | e and | FCont Pl opFi | €). Due to the complexity of implementing PLOP files,
development of the base plopFile class, the | FPl opFi | e derived class and the | FLi nePl opFi | e
classtook asignificant amount of work. However, the development of the second derived class, | FCont -
Pl opFi | e, took very little effort. Further, we feel that extending the base classes for other applications
will be straightforward and relatively easy.

The resulting plopFile class hierarchy contains an intuitive interface that presents the data in a mean-
ingful way to the programmer. The interface also allows the programmer to specify a query ahead of the
time when the data will actually be needed. By decoupling the description of the query from the retrieval
of results, later parallel implementations can attempt to asynchronously prefetch data to better overlap

computation and 1/0. To test the performance of our PLORP file objects we ran a series of real world and
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benchmark queries on real NRAO data files. The results are very encouraging. We believe that we have
produced a high performance, extensible multidimensional range searching object that can be extended for

use in many applications.

8.0 Recent and Future Work

We have recently designed a distributed version of the PLOP file that will allow the file to be parti-
tioned into severa pieces and are working on its implementation. We are also working on a new parallel
architecture (using the parallel object-oriented system Mentat [13, 14]) to allow usto take advantage of the
distributed file layout by allowing separate I/O workers to access and process datain parallel. The parallel
architecture will also allow us to better overlap 1/0 and computation by implementing prefetching opera-

tions.
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