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Abstract

Business needs have driven the development of commercial database
systems since their inception.  As a result, there has been a strong focus on
supporting many users, minimizing the potential corruption or loss of data,
and maximizing performance metrics like transactions per second, or TPC-C
and TPC-D results.  It turns out that these optimizations have little to do with
the needs of the scientific community, and in particular have little impact on
improving the management and use of large-scale high-dimensional data.  At
the same time, there is an unanswered need in the scientific community for
many of the benefits offered by a robust DBMS.  For example, tying an ad-hoc
query language such as SQL together with a visualization toolkit would be a
powerful enhancement to current capabilities.  Unfortunately, there has been
little emphasis or discussion in the VLDB community on this mismatch over
the last decade.

The goal of the paper is to identify the specific issues that need to be resolved
before large-scale scientific applications can make use of DBMS products.  This
topic is addressed in the context of an evaluation of commercial DBMS
technology applied to the exploration of data generated by the Department of
Energy's Accelerated Strategic Computing Initiative (ASCI).  The paper
describes the data being generated for ASCI, as well as current capabilities for
interacting with and exploring this data.  The attraction of applying standard
DBMS technology to this domain is discussed, as well as the technical and
business issues that currently make this an infeasible solution.

                                    
*  This work was performed under the auspices of the U.S. Department of
Energy at LLNL under contract no. W-7405-Eng-48.



2

1 Introduction

Our ability to generate data far outstrips our capability to explore and
understand it.  The true value of this data lies not in the final size or
complexity of what has been gathered or computed, but rather in our ability to
exploit it to achieve business or scientific goals.  The first steps involve
identifying and quantifying the interesting events and patterns in the data.
This typically requires a great deal of compute and I/O intensive analysis,
often over large data with very high dimensionality.  It is generally accepted
that DBMS technology is not meant to support such large-scale analysis tasks.
As a result, business data are typically off-loaded to secondary systems, then
processed with specific analytic and data mining tools.  For scientific data, in
many cases the data was never collected in a DBMS in the first place, and so
the analysis and visualization takes place on the original flat-file format.  This
is a painful solution, because a DBMS has much to offer in the overall process
of exploring this type of data space.

Of late, there has been a significant trend in industry and in the research
community to develop DBMS-based systems that will break this mold, and
provide the needed support for OLAP, data mining, and other analysis tasks.
The recent activity in OLAP [GC97], multi-dimensional databases [TD96],
ORDBMS [SM96], and the TPC council's TPC-D [TPC98] benchmark all testify
to the strength of this new direction.  This is a promising change of focus.
OLAP optimizations are much closer than OLTP to supporting the interactive
computational data analysis (ICDA) activities that take place in scientific
domains.  OLAP and ICDA do not, however, represent the same type of
workload.  In fact, little is known about these differences, and about exactly
how DBMS technology fails to meet ICDA needs.  This paper explores this
issue in some depth, describing an evaluation of DBMS technology for
exploring large high-dimensional computational data from ASCI.  An
interesting conclusion introduced in Section 7, is that the technology is much
closer to being able to support this activity than many think.  Furthermore,
there is a fairly clear evolution path that should lead to full support once the
technology catches up to ICDA requirements.

This paper serves several purposes.  The first is to introduce the particular
stresses that computational science places on a data management
infrastructure.  This highlights how and where available DBMS technology
does not fit ICDA requirements.  Second, the data being generated in ASCI has
many commonalties with computational data from other scientific domains,
and to a large extent, to OLAP data.  Understanding it will help make sense of
ICDA application needs, and may also provide insight into future
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requirements of business-oriented OLAP data.  The structure of the data is
described in detail, along with some of the visualization computations
commonly carried out against it.  Third, there are no stable and well-known
benchmarks that serve the area of ICDA.  This paper does not attempt to
create one.  However, the ideas, descriptions and issues that are described
provides useful input that could lead to such a benchmark in the future.

The rest of the paper is as follows.  Section 2 describes some related work.
Section 3 details the characteristics of computational data, and the
corresponding implications for ICDA are discussed in Section 4.  Section 5
raises several of the issues that come up when constructing tests to evaluate
DBMSs in the context of a set of existing scientific applications.  Section 6
describes some of the results that were achieved over the course of this
evaluation.  The paper closes in Section 7 by discussing some fairly promising
future directions.

2 Related Work
For the past several years, DBMS performance measurements have been
dominated by the tests supported by the Transaction Processing Council.  The
two current benchmarks supported by the Council are TPC-C and TPC-D (A
and B are already defunct).  TPC-C [TPC98] measures the OLTP performance of
a system, and so provides information on transactions-per-second (TPS)
throughput rates for simple queries in multi-user settings.  TPC-D measures
OLAP performance, providing TPS and cost/performance information within
the context of multiple users running complex queries that include updates to
the original data.  There are other benchmarks that measure different aspects
of DBMS performance for different types of applications, such as those found
in Gray's handbook [Gra93], and those offered by the OLAP council [OLA98].
The value of any benchmark, though, is strongly dependent on how closely it
matches the workload of typical applications of interest to an organization.
As described in detail in Section 4, the match between OLAP, OLTP and ICDA
is not strong.

The bulk of performance papers published in recent years have been geared
towards measuring specific tasks or sub-systems within a DBMS.  Some
examples of this include work on topics like pointer twizzling [WD92], or
extensible arrays [RZ96].  There have also been a multitude of in-house
studies in industry that focus on measuring performance for specific
applications.  The results of these studies add to the lore that surrounds the
database world, but they are very difficult make practical use of.  In general,
there is little information to be found concerning broadly applicable
performance studies for large-scale scientific applications.



4

There are several descriptions of the data from other scientific domains, along
with the corresponding difficulties in managing that data.  In particular, earth
observing satellite data (EOSDIS) has been described in many places [BS95,
NAS91].  This data is similar to the ASCI data described below, but the desired
exploration mechanism differs, as well as the source of the data, and the (very
important!) cultural aspects that revolve around how the data is accessed and
utilized.  The human genome project, which involves small, highly complex
data with different analysis requirements, has been described in [Goo95].   The
data collected in the high energy physics community is different in form from
computational data, and has access patterns that are similar in many respects
to OLAP [MM97].  Several other large-scale applications and the respective
OODB solutions are described in [CL97].  This paper concentrates on how to
support ICDA tasks on data generated by  computational scientists.

3 Characteristics of Computational Data
ASCI data is primarily mesh data, which is one of the most basic and
commonly used conceptual models for describing physical systems with
computer models.  A mesh provides a way of breaking a surface or volume
down into an interconnected grid of much smaller zones (see Figure 1).  Each
zone can be ``virtually instrumented'' by storing a range of computed or
collected variables per zone.  The hope is that if the zones are small, the well-
understood micro-scale properties and interactions can be modeled with
enough accuracy to provide precise predictions of macro-scale events.  The
ability to improve the accuracy of the overall model by creating meshes with
larger numbers of smaller zones leads to irresistible urges to create meshes
with extremely fine granularity.  The main limitation is the additional
storage and computational costs incurred by increasing the number of zones
in a mesh.  Current hero-level capabilities are at the scale of a few billion
zones; a more typical range is between tens of thousands, to tens of millions
of zones.

The mesh data is typically stored in highly structured binary flat-files, using
standard low-level self-describing formats like NetCDF [RDE93] or HDF
[HDF98].  The mesh is accessed through high-level API's (such as Silo or
Exodus) that provide methods to read and write individual components of
the mesh directly, without reading the rest of the structure into memory.  The
data itself is also highly structured.   The 2 and 3-dimensional zones in a
mesh are made up of lists of points, or nodes.  For example, a cubic zone has 8
nodes that describe the corners of the cube.  Nodes have X, Y, and Z
coordinates, whose values can change if the particular mesh deforms over
time.  Variables can be assigned to zone centers, or to nodes.  Variable values
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 Figure 1
This is a rendering of a small mesh depicting a can being crushed up against a
wall.  In this figure, there are more than 10 variables stored in every zone; the
velocity in the Z direction is being displayed in this pseudo-color plot.  This
snapshot is taken from the 8th time step of a movie sequence that ends up
with the can completely crushed against the wall.
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are recorded at each time step in a simulation, for each node and zone in the
mesh.  These are the basic components of any mesh, and there are several
ways to extend this general framework.  For example, for efficient
visualization, lists are stored that record the zone faces which are on the
surface of a mesh (and therefore need to be drawn), as well as edgelists that
help when performing certain visualization computations.

A few typical operations that take place on this data during the visualization
of it are (1) to select a variable, and color the mesh according to its value at
different nodes and zones, (2) select and view an iso-surface in the mesh, (3)
view an orthogonal slice or vector plot, and (4) play a movie of the mesh as
different time steps are loaded into the system.  Each new operation is hand-
coded by a developer and manually inserted into the visualization tool before
being able to be used by a scientist.

In this environment, there are several draws to DBMS technology.  The most
immediate draw is the enhanced data exploration that would be made
possible with the integration of an ad-hoc query facility and a visualization
tool like that used to create Figure 1.  For example, the following queries,
which are not currently supported in most ICDA environments, would be
possible:

Example 1: Highlight all zones and their nearest neighbors for which zone
variable pressure  > α  but acceleration in the X axis is xaccel  < β

Example 2: Display the bounding box that includes these zones, or cut the
rest of the mesh out and only display the selected zones.

This type of exploration would be an extremely valuable extension of the
capabilities available to the domain scientists who are responsible for
understanding and characterizing large datasets.  In order to provide that
capability without DBMSs, one would need to develop an in-house query
interface built on top of the existing flat-file format.  While this approach
would work, it leaves alot to be desired.

Beyond the ability to build more powerful interfaces to data more cheaply,
using commercial DBMS products has the potential to provide a variety of
inexpensive enhancements.  This includes:

¥ Distributed, parallel data manipulation for ``free'',

¥ A wealth of tools developed by 3rd party vendors,
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¥ Portability with standard access to data through SQL/ESQL,

¥ Access to a collection of current and future capabilities (persistence,
communication standards like ODBC, JDBC, CORBA) that may have
value for other in-house scientific data management systems that are
in the works.

4 Implications for ICDA
The culture in the ICDA community has a significant impact on the required
data management and computational infrastructure.  One major aspect of the
culture is that it doesn't matter how large or fast computers and storage
devices get.  The available system will always be used to its limits by choosing
meshes with ever-increasing numbers of zones.  ASCI machines have already
reached more than 1 sustained Teraflop of computing performance, and this
year should see more than 3 TF.  Storage will be in place by the end of the year
that includes at least 25 TB of disk, about 1 TB of main memory, and over a
petabyte of tertiary storage.  The ASCI machines will, however, be quickly
used at capacity.  The typical pattern of usage, common to many large
supercomputing centers, is to select a job, and give it full access to a significant
portion of the available disk and compute resources.  The job will run, using
the bulk of these allotted resources.  Once finished, the mesh and resulting
data will be down-loaded to tertiary storage to make room for the next run.
Several requirements fall out of understanding this mode of operation.

First, the underlying data management system must clearly be fast.  The
current system is based on API's (Silo and Exodus) built over the specialized
binary flat-file format.   These systems run well within 50%, and usually
within 90% of the throughput (in MB/s) reached with native Unix (NU) read
and write system calls.  Any new data management system would need to be
within at least 50% of Silo or Exodus performance, or the users will not accept
it no matter what the new capabilities are.

The tasks that the new data management system would need to support
include the visualization capabilities that already exist, and the query-driven
exploration capabilities that the query interface would enable.  The
performance requirements of the two tasks are not the same, as depicted in
Figure 2.  Supporting visualization involves supplying large amounts of data,
quickly, to code that draws a mesh, or computes iso-surfaces of, say, a zone
variable.  The primary queries involved in this type of work are likely to be
range queries, where high throughput (Mb/s) is a must.  Supporting the
enhanced exploration capabilities, on the other hand, is more likely to
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involve point, multipoint, extremal and other classes of SQL queries.  While
high data throughput rates are helpful here, a good query optimizer might
play a more central role.

Point

Multipoint

Range

Extremal

Other

  Visualization Exploration

throughput query optimization

Figure 2
Estimated query spread for high-throughput visualization queries, and for
highly complex lower-throughput query-driven exploration of the dataset.

Second, due to the large physical size of the generated mesh data, the
approach needs to be efficient in its use of storage space, and needs to be
interfaced to a tertiary store.  In particular, doubling or tripling the size of the
original binary file is simply not an option.  If space was not such an issue, a
copy of the binary file could be loaded into a DBMS.  Existing visualization
functionality could be provided from the original data with no reduction in
performance.  New query-driven exploration functionality could be supplied
from the data in the DBMS.  In this case, the users might be more forgiving of
slower speeds, since the functionality is not available through any other
mechanism.  Given the stringent storage requirements, however, even the
cost of creating multiple indexes (let alone multiple copies) would have to be
watched closely.

Finally, aside from technical issues like the security model, OS support, and
performance issues, business issues play an important role.  Basically, the
more isolation that can be achieved from a single vendor solution, and from
the consequences of a vendor failure, the better.  This means that a DBMS
would need to have access to (and comply with) widely accepted standards for
communication and querying, and that the product would need to be offered
by a strong vendor.  In essence, it is very difficult to make a strong argument
for OODB systems.  The navigational performance of OODBs is excellent, and
given good clustering, associational performance can be relatively good as
well.  But, the ODMG has only recently agreed on a set of standards for the
community [Cat96], and many of these are still not fully implemented by the
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major OODB vendors.  Schema evolution (a very important task in evolving
scientific domains [CGM98]) is much more difficult within OODBs.  There is
very limited 3rd party vendor support, and in general, the very future of
OODBs is very unclear with the entrance of the major relational vendors into
the ORDBMS market.

There are many other implications of the typical ICDA scenario introduced in
the last two Sections.  These characteristics are clearly distinct from OLAP and
OLTP, and are summarized below:

¥ Write Once, Read Many.  Any optimizations geared towards making
updates (insert, delete) faster may impede WORM performance.

¥ Few concurrent, local users.  Any optimizations geared towards
improving the overall throughput for multiple users may negatively
impact single user performance.

¥ High dimensional, dense data.  High dimensional business data is
typically sparse, which can lead to some optimizations built into MDD
solutions that do not generalize to this data.

¥ Transactions are not needed.  The top 2 conditions largely obviate the
need for transactions.  Optimizations that are aimed at improving TPS
ratings are not meaningful here.  In fact, it would be preferable to turn
transactions off if that part of the code path in a DBMS could be
avoided.

¥ Emphasis on pure data throughput - Mb/s.  Visualization of large data
requires throughput rates comparable to native Unix (NU).

¥ Large data.  The data will be as large as the computational and storage
platforms allow.

5 Testing Issues
The standard that a new DBMS-based implementation would have to
compare favorably to is the existing legacy system in use on the scientist's
desktop.  For ICDA applications, this typically means comparing to NU with
slightly reduced performance expectations; most of the current data
management solutions for ICDA are based on flat-file systems with
performance that is close to NU.  It might be reasonable for a DBMS-based
system to expect that coming within 30%-50% of NU performance would be
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acceptable on the low end for some users to take an interest in the new
capabilities being offered.

Generating fair and repeatable comparisons between any two systems is a
tricky business.  Making reasonable comparisons between NU and DBMS-
based systems introduces a few extra twists that are typically not considered in
the DBMS industry's standard benchmarks.  This paper does not intend to
define a new benchmark for ICDA.  This section does, however, introduce
several issues that came out when evaluating DBMS potential, and which
would need to be taken into consideration were such a benchmark to be
developed.

For the evaluation, a series of tests were written to measure NU and DBMS
system performance against the different classes of SQL queries laid out in
Section 4.  For each query, several different schema were tested, with several
ESQL implementations of the query, and using several different
combinations of indexes.  The tests were run using ESQL through a C
interface, since that would be the likely interface to scientific applications.
Tuning was performed on the system according to principles and hints found
in [Sha92], and vendor-specific sources.  However, the goal was not to eek the
last 20% out of the system, but to be careful enough in tuning the system and
the configuration so that at least 80% of the potential performance was seen.

The goal of the NU testing is to compare the performance impact of an
application asking one set of queries to a NU-based data management system,
compared to asking the same set of queries against a DBMS-based approach.
To allow this, for the NU tests, the data was arranged on disk in binary flat-
files in much the same way it would be arranged for Silo or Exodus files.
Then, for a given query, the NU implementations were written to retrieve
the desired data as effectively as possible.  Several different NU
implementations were written per SQL query to elucidate reasonable bounds
on different potential NU performance.

Many of the factors that impact performance tests are well known, for
example the tests should be run on the same system, and under the same
conditions with respect to system load.  The test suite should reflect a
workload similar to the type of application that the system is meant to
support (the evaluation paid close attention to this by designing tests similar
in spirit to the loads displayed in Figure 2).  Some of the more interesting
issues include:

¥ Counting:   Throughput in terms of Mb/s is a key measure of interest
for this evaluation.  Exactly what data is counted when coming up with
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that throughput measure?  For example, if the system reads 1Mb of
useful information from a 3Mb interleaved array (but had to read the
entire 3Mb to get the 1Mb), was the total amount of data read 1Mb or
3Mb?  In the testing performed for this work, the answer is based on
the apparent throughput to the application, and therefore is 1Mb.

¥ DBMS Implementation Details:   As discussed above, the DBMS tuning
obviously plays an important in determining performance.

¥ NU Implementation Details:   The implementation of the NU tests
raises a few interesting issues.  First, upper bounds on disk I/O speeds
can be established with freeware programs available on the Web that
do excellent jobs of measuring overall disk performance.  For example,
a program called ``Bonnie'' will measure character write, block write,
rewrite, character read, and block read speeds.  These numbers are not,
however, suitable to be used as the throughput measurement for NU
implementations.  This is because of the way counting  is done;
interleaving, or reading large amounts of metadata or useless data will
result in actual throughput to the application  that is much lower than
that predicted by Bonnie.

Second, choosing a reasonable NU implementation is a difficult task.
One can always construct an NU test that will outperform the
corresponding DBMS test on any query.  An index can be constructed in
C for NU, just as it can be in SQL for DBMS.  But, whereas constructing
and using an index in SQL is easy, doing the same from scratch in C
takes much more energy, and so is usually done only in situations
where there is a clear need.  Because of this, three classes of NU tests
were written for every SQL query:  poor,  good, and very good.  An
example of these are as follows.  The test is a point query on a large
array.  The poor implementation basically read through the array
stored in binary on the file system, checking the condition of the query
against each row of the array in turn.  Each check is a system read.  This
linear search is the simplest, and the worst way such a capability could
be created for a visualization system.  The good implementation was to
read large chunks of the binary file into memory, check for the proper
condition, and continue until the proper datum is found.  Finally, the
very good implementation in C built and used an index.  For an
application in the current ASCI environment, if a particular point
query is going to be used very often, then the very good approach could
be built into the visualization code.  Without a typical DBMS-style
query interface, however, it would be much more expensive to support
fast, ad-hoc point queries to large multidimensional data.
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¥ Cache.    It is important to be able to separate out the impact of caching
and memory on the performance of the storage hierarchy.  The
difference between a hot and cold cache can change the throughput by
an order of magnitude or more.  Isolating the cache allows one to
predict what will happen with I/O performance as applications move
from small-scale to large-scale, or toward tasks with low locality of
reference (like some visualization tasks).  To measure this impact,
some operating systems provide specific commands that disable or
clear the cache system.  For others, mmap can be used to clear out the
cache independent of memory size and cache associativity.

6 General Results
The tests performed over the course of the evaluation clearly demonstrated
that DBMSs do not provide the throughput performance needed for ICDA
applications.  The results below are meant to give a flavor for the types of
results that were generated in this process, and so only a very small fraction of
the total set of test results are shown and summarized here.  These results are
not meant to provide a comprehensive picture of the performance
capabilities of any particular DBMS system; only a well written (and broadly
accepted) benchmark for ICDA could do that.  RDBMS and ORDBMS systems
from the major vendors were the systems that were tested, mainly for the
reasons described in Section 4.

The data in Figures 3 and 4 are from point and range query testing,
respectively.  Point queries are the types of queries that one would expect a
DBMS to consistently perform well in, mainly due to query optimization, and
the relative ease of constructing and using indexes.  The tests were
constructed on fairly simple point queries with 2-4 conditions in the where
clause.  Indexes were constructed based on those conditions.  The size of the
data being stored ranged from several hundred kilobytes, to several hundred
megabytes.  Multiple operating systems, and multiple DBMS vendors were
tested during this evaluation.  Finally, the tests were conducted with both hot
and cold caches.

As shown in Figure 3, for the point queries, the DBMS performed basically
on-par with the good NU implementations.  When looking at NU
throughput numbers, none of the implementations achieved more than 7%
of the character read I/O capacity for the disk, as measured by Bonnie.  The
bulk of the tests showed results that utilized only 1-3% of the expected I/O
bandwidth.  This is not surprising, given that only apparent throughput to
the application is being counted.
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Max: 330kb/s

 1-

.8-

.6-

.4-

.2-

kb/s

20kb/s

DBMS 100s
NU Poor ~20,000s
NU Good 117s
NU Very Good 1.86s

Figure 3
This figure depicts the throughput (in kb/s) achieved for point queries on
a production server with several Mb of data.  The NU tests were run on
the same machine.  The maximum character-per-second throughput rate
(330kb/s) measured by Bonnie is surprisingly low here.  The numbers
changed on faster machines, but the qualitative comparison between NU
and DBMS did not.

The range and multipoint queries (Figure 4) were much less consistent
between vendors than the point queries, and when compared to good NU
implementations, total throughput rates varied from 5 to 40 times slower,
even with substantial tuning.  These tests were carried out with several
different DBMS products, and on several machines with data sizes that
ranged up to 150Mb of "useful" data out of 500Mb total.  The NU
implementations reached maximum potential throughput within the first
several Mb of data being read.  The DBMS implementations flattened out
much sooner, and at much lower throughputs.

It was interesting that the throughput rates achieved by different vendors
varied on the order of 50-100%.  It turns out that the main difference comes
from how often the DBMS server is contacted.  For example, for one vendor,
a C structure can be passed into the ESQL statement, and directly loaded with
one call to the server.  A second major vendor has no other mechanism but
to fill up 32kb buffers one tuple at a time, and send that buffer via a cursor.
This defeats the potential speedups that could be gained from range queries
that scan clustered data on the disk.  Another interesting note is that for small
data, whereas the NU implementations ran anywhere from 10-50 times faster
with a warm cache, the DBMS implementations consistently gained only
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about 10%.  For larger datasets, the cache had much smaller beneficial effects,
in particular for the NU tests.

Max: 1.1Mb/s

10,000-

   1000-

     100-

kb/s DBMS
NU Good

Mb of “useful data”

1 2

Warm start
Cold start

Figure 4
This figure depicts throughput results for range queries that had to retrieve
several Mb of "useful" data.  This particular test was run with all the data
being useful to the query.  The throughput for this system was also fairly
poor, with block reads reaching only 1.1Mb/s max.  Again, the qualitative
characteristics of this graph did not change across machines, and did not
improve with different vendors.

7 Discussion
One thing that became very clear during the evaluation is that there are three
prerequisites that must be met simultaneously in ICDA applications.
Unfortunately, today's DBMSs seem only to be able to support two of the
requirements concurrently.  The prerequisites are: (1) small storage costs, (2)
standards-based ad-hoc query support, and (3) reasonable throughput (Mb/s)
performance.  Most combinations of two actually seem to be supported.  For
example, blobs do not consume much overhead storage, and have reasonable
throughput performance, but do not provide good SQL access into the file.
Alternatively, by keeping a copy of the data (thereby doubling or tripling
storage requirements) in the original flat-file format outside the DBMS, legacy
applications such as visualization will not see a performance degradation,
and will get the ad-hoc query capability on the data stored in the DBMS to
boot.  This observation holds for the current legacy systems as well.  They
support low storage costs with great performance, but do not support
standardized ad-hoc queries against the data.
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To support ICDA applications like those found in ASCI, what is needed is a
large, stable vendor that provides fully a operational query engine on top of a
data server with flat-file like performance.  This (hypothetical) system would
probably have features like:

1) Large, multi-dimensional array data stored outside  the DBMS storage
manager.  This way, external applications can use the data without
taking a performance hit, and without the large storage overheads.

2) Mechanisms to plug this data into the query engine, in a way that
queries can combine data stored in the DBMS with data external to it.  If
the standard SQL interface is to be used, this might require being able to
create relational views of the external data, and then populating the
views on the fly when a query hits the external data.  Population would
allow passing large collections of data from the external access
methods, rather than passing 1 tuple at a time.

3) Avoidance of as much of the DBMS code path as possible.  To protect
the performance gains, have the hooks in #2 be inserted so as to avoid
as many of the following as possible: locking, alignment, transaction
management, tuple management, page management, insert and delete
facilities.  These features are much less interesting when there are few
users on WORM data that is stored outside  of the DBMS.

We are currently evaluating Informix's Virtual Table Interface  (VTI) in their
Universal Server product.  To our knowledge it is the only large ORDBMS
vendor currently that might actually be close to providing such functionality.
The VTI allows the user to define external access methods on external data,
and hook that into the DBMS by defining virtual tables in the database.  The
virtual tables are populated on the fly through user-defined methods for tasks
like: open table, begin scan, get next, end scan, and close table.  Preliminary
tests have been run on the VTI, verifying this functionality; it remains to be
seen what the new performance characteristics of this interface are.  If
performance is acceptable, then the VTI will provide many of the features
listed above, and should be a relatively painless way to add query features to
existing visualization applications in ASCI.  Furthermore, it provides a hook
that will allow more of the data management tasks to be taken over by the
DBMS as the DBMS systems catch up to the performance requirements of this
portion of the scientific and business communities.
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