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Abstract

The Grid environment facilitates coll aborative work and
allowsmany usersto query and process data over geograph-
ically dispersed data repositories. Over the past several
years, there has been a growing interest in developing ap-
plications that interactively analyze datasets, potentially in
a collaborative setting. We describethe Active Proxy-G ser-
vice that is ableto cache query results, use those results for
answering new incoming queries, generate subqueries for
the parts of a query that cannot be produced fromthe cache,
and submit the subqueriesfor final processing at application
servers that store the raw datasets. We present an experi-
mental evaluation to illustrate the effects of various design
tradeoffs. We also show the benefits that two real applica-
tions gain from using the middleware.

1 Introduction

The Grid is an idea environment for running appli-
cations that need extensive computational and storage re-
sources. Most research in high-end and grid computing has
focused on the development of methods for solving chal-
lenging compute or data intensive applications in science,
engineering, and medicine. A sdient feature of the Grid
is that it fosters collaborative research and facilitates re-
mote access to shared resources by multiple client appli-
cations. There has also been an emerging set of applica
tions that involve interactive analyses of large datasets at
geographically dispersed locations. Interactivity and pro-
cess composition have played important roles in a vari-
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ety of recent grid computing projects. For instance, the
Telesciencefor Advanced Tomography Applications project
(http://www.npaci .edu/Al pha/tel escience.html) is dedicated
to merging technologies for remote control, Grid comput-
ing and federated digital libraries. The objective isto con-
nect scientists' desktops to remote instruments, distributed
databases, and to data and image analysis programs. The
GriPhyN project (http://mmw.griphyn.org) targets storage,
cataloging and retrieval of large, measured datasets from
large scale physical experiments. The goal isto deliver data
products generated from these datasets to physicists across
a wide-area network. The objective of the Earth Systems
Grid (ESG) project (http://mww.earthsystemgrid.org) is to
provide Grid technol ogiesfor storage, publication, and anal-
ysisof large scal edatasets arising from climate modeling ap-
plications.

In multi-client environments, we expect datareuse across
gueries. Multiple users are likely to want to explore the
same portion of adataset (usually some portions of datasets
tend to be of particular interest). There may also be com-
monalities in a sequence of queries that look at the same
physical region at different pointsin time. When rapid re-
sponse is needed, performance can be improved by reusing
previously cached results for a new query. In the context
of Web services, data caching and Web proxies have been
shown to speed up servicing web requests by caching pop-
ular pages, only performing remote transactions when re-
guests cannot be satisfied from the cache [10, 20].

A Grid-based environment, which consistsof acollection
of compute, memory, and storage systems (i.e., shared- and
distributed-memory parallel machines, high-end 1/0 sys
tems, and active disk-based storage systems), offers a pow-
erful and flexible environment for devel oping and depl oying
applications that analyze large datasets. Component-based
frameworks and services have been gai ning acceptance as a
viable approach for application development and execution
in distributed environments[1, 4, 11, 13, 14, 18, 23, 24, 27,
29]. Such models facilitate the implementation of applica
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Figure 1. An application server may use many
different parallel configurations depending
on what is most efficient for an application.
(@) shared memory, (b) distributed shared
memory, or (c) distributed memory.

tions and services that can accommodate the heterogeneous
and dynamic nature of the Grid.

In previous work [7, 8], we have developed a frame-
work for efficiently executing multiple query workloads
from data analysis applications on SMP machines and clus-
ters of distributed-memory parallel machines. In thiswork,
building on that framework, we devel op acomponent-based
framework designed as a suite of services. This suite con-
sists of an active proxy service, an application query pro-
cessing service (application server) shown in Figure 1, and
apersistent data caching service (cache server) seenin Fig-
ure 2. Here we focus on the design and implementation of
the Active Proxy-G (APG) service. Employingthe APG re-
quires adding extra functionality to the original application
structure. First, the APG must attempt to service the request
solely from cached results. If that fails completely, then the
request must be sent to the appropriate application server
that hasaccessto theraw datarequiredto answer the request.
Asalast step, if the request can be only partially answered
from the cache, the application must retrieve the cached re-
sults and generate subqueries to produce the remaining re-
sults at the application server.

2 Related Work

In designing APG, severd research aspects were taken
into consideration to makeit asuitable platform for optimiz-
ing the execution of queriesin a grid environment. Many
of these aspects have been studied before, but the novelty
of our approach lies in integrating several piecesin acom-
mon framework which is able to process queries with user-
defined operators for a class of data anaysis applications as
will be seen in Section 3.

Rodriguez-Martinez and Roussopoulos [30] proposed a
database middieware (MOCHA) designed to interconnect
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Figure 2. The suite of services, which con-
sists of the Active Proxy-G, application query
servers, and persistent cache servers, for op-
timizing the execution of multiple query work-
loads in a Grid-based environment.
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distributed data sources. MOCHA also handles querieswith
user-defined operators. The system handles data reduction
operators by code-shipping, which movesthe code required
to process the query to the location where the data resides,
and data inflation operators by data-shipping, which moves
the input data to the client. This differs from our approach
in that we specifically target multiple query optimization
and use caching to avoid network bottlenecks, and also uti-
lize the processing power of proxies, distributing the com-
putation transparently across available resources between a
proxy and the application servers. Thisallows efficient exe-
cution of queries for which neither code-shipping nor data-
shipping is the best solution aone.

Several highly distributed applications have employed
proxy servers as a means for improving system perfor-
mance. Beynon et al. [15] proposed a proxy-based infras-
tructure for handling data intensive applications. The au-
thors have shown that their approach can both reduce the
utilization of wide-area network connections, reduce query
response time, and improve system scalability. Squid [34]
isawidely used web proxy that is primarily responsible for
caching web pages and thus avoid the latency and server
overhead incurred in retrieving pagesthat were recently vis-
ited. The objectives of our framework are similar to these
efforts. However, we argue that in addition to being more
generic, our framework potentialy allows for more power-
ful performance optimizations because it employs a seman-
tic cache that allows re-using cached results to satisfy re-



guests even when adatatransformati on function must be ap-
plied. Additionally, it employs an extensible query server
engine that permits the implementation of multiple applica
tions with different query types.

Many types of environments for executing grid-aware
applications can befound intheliterature. Wolski et al. [35]
describethe Everywaretoolkit that can be used to enable ap-
plications to draw computational power transparently from
the Grid. Unlike our work, they target number crunching ap-
plications. More aong the lines of APG is the Distributed
Parallel Storage Server (DPSS) [25, 33]. The most impor-
tant aspect of this approach is the use of parallel operations
on distributed servers to supply data streams fast enough to
enable the execution of various multi-user, real-time appli-
cations in an Internet environment. Bethdl et al. [12] show
how DPSS is used for building Visapult, a prototype and
framework for remote visualization of large datasets. All-
cock et al. [3] point out that the data grid infrastructure will
need to service thousands of users efficiently, and also high-
light that the management of dataand replicasisasoanim-
portant aspect of grid-aware applications. In some sense,
our approach is complementary to these efforts because it
also enables an application to explore the parallel capabili-
ties of many application servers, but actually goes a step be-
yond sinceit allowsthe proxiesto help with the computation
by leveraging cached aggregates, and automatically gener-
ating subqueries transparently asis shown in Section 4.

Recent efforts in the grid research community [26, 28]
are investigating and proposing mechanisms for executing
adaptivegrid programs—the Grid Application Devel opment
Software Project (GrADS) — and support mechanisms for
storing metai nformation needed to control program execu-
tion —the Grid Information System (GIS). Several research
projects have investigated the design, implementation, and
application of component-based frameworksfor application
development and deployment [1, 11, 13, 14, 24, 27, 29]. The
Common Component Architecture Project (CCA) [17] leads
a standardization effort for building distributed software
component systems for scientific and engineering applica
tions. The Open Grid Services Architectures (OGSA) ef-
fort[21] drawsfrom concepts and technologiesthat evolved
inthe Grid and Web worlds to generalize an architecture vi-
ablefor deploying widely distributed commercial and scien-
tific applications. Theseinitiatives are examples of how our
system will have to evolve in order to be integrated into a
much larger infrastructure, by being compliant to the mod-
els that are going to become protocols, best practices, and,
eventually, standards.

Finally, for a discussion of the bulk of our work on the
multiple query optimization problem, we refer the reader to
our previous papers [6, 7, 9], in which we extensively dis-
cussrelated research and compareit to the approach we have
employed.

3 Query Processing and Data Reuse in Data
Analysis Applications

Although many data analysis applications differ greatly
in terms of their input datasets and resulting data products,
processing of queries for these appli cations shares common
characteristics. Figure 3 shows a pseudo-code representa
tion of the query processing structure, which is commonly
referred to as a generalized reduction operation.

Inthefigure, the function select identifies the set of data
items in a dataset that intersect the query predicate A, for
aquery ¢;. In many scientific data analysis applications,
both input and output datasets can be represented in amulti-
dimensiona space, and, in this case, M; describes a range
query. Thatis, only the dataitemswhose coordinatesfall in-
sidetherangebounds areretrieved. The dataitemsretrieved
from the storage system are mapped to the corresponding
output (or accumulator) items (line 6). Application-specific
aggregation operations are executed on all the input items
that map to the same output item (lines 7 and 8)* using an ac-
cumulator data structure which is a user-defined data struc-
ture to maintain intermediate results. The aggregation op-
erations employed in this loop are commutative and asso-
ciative. That is, the output values do not depend on the or-
der input elements are aggregated. To complete the pro-
cessing, theintermediate resultsinthe accumulator are post-
processed to generate final output values (lines9 and 10). In
many data analysis applications, the most computationally
expensive part of theloop isthe reduction phase (lines 4-8).

The characteristics of this generalized reduction loop
make it possible to devel op common programming and run-
time support for awide range of applications and to imple-
ment optimizations for processing of both single and multi-
ple queries. Aswe noted above, the aggregation operations
applied on the input data are commutative and associative.
As aresult, the input data can be partitioned into data sub-
sets, an intermediate result can be computed from each data
subset, and the intermediate results can then be combined to
createthe output data. Thisproperty of the query processing
loop has two implications for optimizing the execution of
queries. First, for agiven single query, by partitioning input
datainto subsets, lines4 — 8 of the query processing loop can
be executed in a parald or distributed environment. The
partitioning of the input data can be done by declustering
and storing theinput dataset acrossthe machines (or applica
tion servers) in the system. Second, the intermediate results
(and potentially the output data) can be cached and reused to
decrease query execution time, when multiple query work-
loads are presented to the system. A query ¢; may sharein-
put elements i, (line 5), accumulator elements a. (line 8),

1This phaseis called the reduction phase because the output dataset is
usualy (but not necessarily) much smaller than the input dataset.



I — Input Dataset
O — Output
A — Accumulator
M; — Query Metainformation
1. [S1] < Intersect(I, M;)
(* Initialization *)
2. foreach a. in A do
3. a, < Initialize()
(* Reduction *)
4, foreach i, in Sy do
read i,
Sa — Map(ic)
foreach a, in S4 do
a. — Aggregate(i.,a.)
(* Finalization *)
9. foreach a. in A do
10. o, — Output(a.)
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Figure 3. The query processing loop.

and output elements o, (line 10) with a query ¢;. For the
portions of query ¢; that cannot be answered from cached
results, the corresponding data subset can be extracted from
theinput dataset and anintermediate result can be computed.
This intermediate result can then be combined with cached
intermediate or output results. However, «. and o, gener-
ated by aquery usually cannot be directly reused by another
query because they may not exactly match a later request,
but require that a data transformation (or projection) be ap-
plied.

The middleware we describe targets optimized execu-
tion of this processing loop via reuse of computed results
by in-core and persistent data caching, efficient scheduling
of queriesfor evaluation, and efficient query execution (i.e.,
Map and Aggregate functions) in adistributed Grid envi-
ronment.

4 Active Proxy-G

The current design of Active Proxy-G (APG) implements
a multi-threaded runtime environment in order to simulta:
neously handle queries submitted by a large community of
users, and aso to manage multiple connections with ap-
plication servers. The APG aso performs dynamic work-
load distribution across multiple application servers, using
ascheduling model that employs metricsthat depend on the
current and past workload of an application server.

To enable an application to use the APG design, it must
be structured around an abstract Query class, and its re-
lated query metai nformation class, QueryMI. Customization
of APG for application-specific queries is achieved by sub-
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Figure 4. The APG functional components.
The directory service maintains information
about the location and access methods for
application servers and datasets. The work-
load monitor collects metrics on server per-
formance, and the persistent data store main-
tains cached aggregates along with their as-
sociated semantic tags.

classing the provided base classes and implementing aset of
virtual methods:

fi ndOver| aps: This method queries the cache for in-
termediate results that may be used completely or par-
tially to satisfy the query being evaluated. It is cus-
tomized to allow application-specific ways of reusing
an intermediate result through one or more data trans-
formation operation. findOverlaps returns alist of in-
termediate results for reuse, which are tagged with se-
mantic information that is later used for applying the
correct data transformation operation (i.e. the project
method described next). Each returned result a so con-
tainsan overlapindex that tells how much of the cached
result can be used. The overlap index serves the pur-
pose of giving the runtime system the opportunity to ei-
ther reuse the cached intermediate result or recompute
it from the input data, in case the projection operation
is more expensive than using the input data.

proj ect: Given a cached intermediate result, project
transforms the intermediate result into the output ob-
ject required by the query being executed. The pro-
jection operation may be as simple as a copy opera-
tion (when a 100% match has been found), making the



guery output data structure point to the cached interme-
diate result, or much more computationally intensive,
as in projecting an intermediate result represented on
one multi-dimensional grid to a different grid.

gener at eSubQueri es: Given the metainformation
describing which parts of the query were answered
using the cached results after the project operation,
this method generates a list of subqueries to compute
the remaining parts of the query.

The proxy runtime system usesthe first two methods dur-
ing its query processing phase, as shown in Algorithm 1.
The algorithm uses all possible cached intermediate results
to process the query completely without having to resort to
retrieve and processthe input dataset. The query processing
goes through the following phases: &) error checking (line
1), b) cache lookups and memory alocation (lines 2-6), c)
projection of the cached resultsinto the query output buffer
(line'7), d) generation and processing of subqueries (line 9),
and e) remote execution of the query at an application server
(line 12), if the query results are still not completely com-
puted. The algorithm r unAndShi pResul t s is executed
for all queries, including the subqueries generated from a
given query. In that way, subqueries can aso benefit from
the use of cached aggregatesin a recursive fashion.

If a query cannot be fully satisfied from cache (i.e. it
needs access to the input dataset(s)), the APG ships the
query (or parts of it, as subqueries) to an application server,
asis shown in Algorithm 2. The algorithm executes the fol-
lowing steps: @) the Light Directory Service (described later
in this section) is consulted to find the appropriate appli-
cation server(s) to send the query to (line 1), b) the query
metainformation is cloned and a subquery is generated for
remote execution (lines 2 and 3), ¢) the query is shipped to
the application serversfor remote execution (line 4) and, d)
theresultsareretrieved from the application serversand pro-
jected to answer the current query (line 6).

We now describe the four major components of the APG:

Query Server (QS). This component is responsible for
receiving queries from clients or other APGs. A priority
gueue is used for storing queries to be scheduled for
execution. Queries sdlected for execution are instanti-
ated by invoking the r unAndshi pResul t s method
in Algorithm 1. The flexibility of this component comes
from its ability to easily incorporate new types of queries.
Once an application developer provides the customized
methods that describe the query metainformation, the data
lookup and retrieval, and the data aggregation operation,
the query server can handle processing for anew query type.

Light Directory Service (LDS). Once the runtime
system determines that a query must be computed from

Algorithm 1 void Query::runAndShipResults()
1: if gmi.isOk() then

stat = findOverlaps(ovlps_list)

3 if stat £ COMPLETE then

4 allocOutput M emory(ovlps_list)

5 allocTmpMemory(ovlps_list)

6: if stat # NO_MATCH then

7

8

9

project(ovlps_list)
if stat == PARTIALLY COMPLETE then
subg_list = generate SubQueries(ovlps_list)

10: ret = processSubQueries(subq_list)
11:  dseif stat == NO_M ATCH then

12: ret = execute Remotely()

13: else

14 ret = METAINFO_ERROR
15. sendResults(ret)

Algorithm 2 int Query::executeRemotely()
1: s = LDS.getServerFor(gmi.get DataName())
tqmi = gmi.clone()
tq = createQuery(tgmi)
tq.submit(s)
ret = tq.get Results(buf_list)
if ret == QU_OK then
project(buf list)
return ret

input data, the system must select the application server(s)
to use for remotely executing the query. There may be only
a single application server that has both the processing
capabilities (i.e., it implements the processing functions
required by the query) and the input dataset. Alternatively,
there may be several application servers that can answer
the query. LDS stores information about the location of
input datasets and the availability of query processing
capabilities for different types of queries. This service
provides interfaces for adding new application servers and
new input datasets, as well as for registering new types
of queries. LDS also has aget Ser ver For method that
provides information about the best application server to
use for a given a query. The best application server is
defined in terms of policies implemented by the workload
monitor service that we describe next.

Workload Monitor Service (WMS). There are two
important aspects to be taken into consideration when many
application servers are available: load baancing and fault
tolerance. We would like to assign the workload to appli-
cation servers without overloading any server in particular.
Fault tolerance, isimportant because, in ahighly distributed
environment, application servers may become unavailable



and later become again available in a reasonably frequent
fashion. The runtime system must take into account such
environmental changes to better assign queries to servers.
To provide these features, WMS continually monitors its
registered application servers and collects several metrics
related to their query server thread utilization and disk 1/0
activity. These metrics are used for defining policies to
implement the get Ser ver For method for LDS.

Persistent Data Store Service (PDSS). APG effi-
ciency reliesheavily on being abletoidentify reuse opportu-
nitiesfrom cached intermediate results. Using asingle APG
to serveasaproxy for alarge community of clientsincreases
the probability of obtaining matches, but the APG must also
deal with sets of client requestsin which thereislittle or no
temporal locality. Additionally, when many clients for dif-
ferent applications are interacting with an APG, the overall
working set in the APG may be quite large, because users
may be interested in different hot spots over the entire col-
lection of datasets. Although main memory is becoming in-
creasingly cheap, it is still orders of magnitude more ex-
pensive than secondary storage. Furthermore, secondary
storage can be persistent across APG invocations. PDSSis
therefore implemented as a large secondary-storage based
DataStore[5]. Itisatwo-tier hierarchy, using both aportion
of main memory plus a large chunk of secondary storage.
The employed replacement policies insure that more useful
intermediate results are maintained in memory, while other
intermediate results may get swapped out to the secondary
storage cache[6]. Intermediate results are only purged from
the persistent cache when secondary storage space becomes
insufficient to hold newly computed intermediate results.

5 Integration with Other Grid Services

The Grid research community has been prolific in de-
veloping the software infrastructure, as well as the standard
protocols and APIs, for enabling the transparent execution
of highly distributed applications. Thereis alarge body of
work on middleware servicesfor resource discovery and al-
location, file storage and retrieval, security, authentication,
and authorization. Our work is complementary in that it fo-
cuseson services that target improving the execution of data
analysis operations in a collaborative environment. In this
paper, we chose to implement in-house versions of various
services to speed up the construction of the prototype sys-
tem. However, our prototype can clearly be integrated with
currently available infrastructure to enhance its functional-
ity. Specifically and most strikingly, there are two services
in our framework that can beimmediately replaced by or in-
terfaced to more powerful equivaents—the Light Directory
Service and the Workload Monitor Service.

The Metacomputing Directory Service (MDS) [19] of

the Globus toolkit? provides functionality for storing and
querying information about Grid resources. The MDS ar-
chitectureis organized around two basic elements: informa-
tion providers, which are the low-level data collection enti-
ties, and aggregate directory services. As far as the func-
tionality provided by LDS is concerned, the LDAP data
model used by MDS is capable of storing the information
the Active Proxy-G system needsin termsof identifying the
application servers with the correct processing capabilities
for a given query instance. From the standpoint of clients
and APGs running in a distributed environment, employ-
ing the MDS infrastructure presents a broader advantage in
the sense that clients could themselves leverage the direc-
tory information to pick the best APG according to some
specific qualitative characteristic. Additionally, one APG
could, based on directory information, route aquery for pro-
cessing at another APG instead of at an application server.

The Workload Monitoring Service presented in this pa-
per interacts with Application Servers to collect informa
tion about the utilization level of the servers. The advantage
of having a specidized WMS is that the overall monitoring
process can be customized for metricsthat are the most crit-
ical for a given set of applications. The main drawback of
this approach is that load introduced by other applications
sharing the same Grid resources are not directly taken into
account. The efficiency of the WM S can beimproved by in-
terfacing with other Grid monitoring services, such as the
Network Weather Service (NWS) [36], to gather more so-
phisticated information, including overall machine utiliza-
tion (as opposed to the application server utilization that is
currently used), network bandwidth, and network latency.
Such information can be used to better determine which ap-
plication server isthebest candidate server for agiven query.
Moreover, addition of customized NWS sensorswould pro-
vide support for collecting some of the metrics used by our
scheduling agorithm. In particular, the NWS was designed
to be used by dynamic schedulers such as ours, and one of
itsforemost capabilitiesisto employ predictors for forecast-
ing how a metric will behave in the near future. Such in-
formation would provide the possibility to better schedule
the workload based on how a given application server isex-
pected to behave, as opposed to relying only on current be-
havior as is currently done. In a production Grid environ-
ment this capability could certainly be beneficial, since such
environments can display much more complex workload be-
haviors than our simple experimental setup.

The OGSA document [21] discusses how the functional-
ity implemented by the LDSis supposed to be supported by
ageneric discovery service. One of the features of the dis-
covery service is a notification facility that enables clients
interested in being warned about particular eventsto bein-
formed of their occurrence. Such a facility would enable,

2http:/Awww.globus.org



for example, APG to automatically learn about new appli-
cation servers as they become available. The OGSA docu-
ment also describes some higher-level services that can be
used by WMS. One of them is a set of instrumentation and
monitoring services that are supposed to be used primarily
for ensuring theintegrity of the system, but can also be used
for better workload scheduling decisions.

Another very important issue that we have not tackled in
this work is security and authentication. Employing MDS
partially solvesthis problem if information about the neces-
sary credential sand accesscontrol listsare stored. However,
the security problem is more complicated than that. Anim-
portant issue is authentication. Currently, our prototype re-
lies simply on socket communication. No authentication or
encryption is employed, which meansthat any client isable
to query the APG or the application servers directly. Re-
liance on the vanilla UNIX authentication schemais clearly
not an option in terms of scalability, because this alterna-
tive requires that a client have accounts on al machines
hosting the servers. Utilizing the Grid Security Infrastruc-
ture (GSI) [22] would solve the scalability problem. More
specifically, clients, APGs, cache servers, and application
servers must establish atrust relationship. The concept of a
user proxy is particularly useful since aquery will typicaly
use resources available at multiple servershosts/domains,
and the user proxy would be responsible for acting on be-
half of the real user, replacing manua authentication.

This paper hasfocused on the design and implementation
of the APG component of our framework. APG interacts
with one or more application servers to answer queries that
requireinput data, and with the Persistent Data Store Service
for retrieving cached aggregates. Data access is achieved
through a Data Source abstraction [5, 7]. The Data Source
presents the underlying storage subsystem as a page-based
storage medium. That is, a dataset is assumed to have been
partitioned and stored in terms of fixed-size pages. In our
current system, we have implemented Data Sources for the
Unix file system on disk-based storage. In a Grid environ-
ment, the characteristics and interfaces of storage systems
can vary widely. The Storage Resource Broker [31] (SRB)
provides a unified, Unix-filesystem-like 1/O interface to a
variety of storage resources. The Application Servers and
PDSS can benefit from the SRB infrastructure for storing in-
put and cached data on a heterogeneous collection of storage
systems. Moreover, the Metainformation Catalog (M CAT)
component of SRB can be used to store metadata informa-
tion about the datasets controlled by our framework.

As we have seen from this brief discussion, our frame-
work presents a feasible infrastructure for distributing the
guery execution process across the Grid. The deployment
of this system in a Grid environment can leverage multi-
ple available technol ogies as we have described. In the near
future, we plan to make our framework compliant to these

till evolving architectures and service standards, which will
make it fully integrated into the Grid ecosystem.

6 Applications

Wenow briefly describe the two applicationsused as case
studies for this paper. A more detailed description of these
applications can befound in [6].

6.1 Analysisof Microscopy Data

The Virtual Microscope (VM) [2] is an application de-
signed to support interactive viewing and processing of dig-
itized images of tissue specimens. The raw data for such a
system can be captured by digitally scanning collections of
full microscope dides at high resolution. A VM query de-
scribes a 2-dimensional region in a slide, and the output is
a potentially lower resolution image generated by applying
a user-defined aggregation operation on high-resolution im-
age chunks.

We have implemented two functionsto process high res-
olution input chunks to produce lower resolution imagesin
VM [9]. Each function resultsin a different version of VM
with very different computational requirements, but simi-
lar 1/O patterns. The first function employs a simple sub-
sampling operation, and the second implements an averag-
ing operation over a window. For a magnification level of
N given in aquery, the subsampling function returns every
N pixel from the region of the input image that intersects
the query window, in both dimensions. The averaging func-
tion, on the other hand, computesthe value of an output pixel
by averaging the valuesof N x N pixelsintheinputimage.
The averaging function can be viewed as an image process-
ing agorithmin the sensethat it hasto aggregate several in-
put pixelsin order to compute an output pixel. Several types
of data reuse may occur for queriesin the VM application.
A new query with aquery window that overlaps the bound-
ing box of a previously computed result can reuse the re-
sult directly, after clipping it to the new query boundary (if
the zoom factors of both queries are the same). Similarly, a
lower resolution image needed for anew query can, in some
cases, be computed from a higher resolution image gener-
ated for a previous query, if the queries cover the same re-
gion. In order to detect such reuse opportunities, an overlap
function, which is called in the findOverlaps method, was
implemented to intersect two regions and return an overlap
index, which is computed as

I I
A % S (l)
O4s Og

Here, 14 isthe areaof intersection between the intermediate

result and the query region, O 4 isthe area of the query re-
gion, Is isthe zoom factor used for generating the interme-

overlap index =



diate result, and O¢ isthe zoom factor specified by the cur-
rent query. O should be a multiple of 75 so that the query
can use the intermediate result. Otherwise, the value of the
overlap index is0.

6.2 Volumetric Recongruction for  Multi-
per spective Vision

The availability of commaodity hardware and recent ad-
vances in vision-based interfaces, virtua reality systems,
and more specialized interests in 3D tracking and 3D shape
analysishavegiven riseto multi-perspective vision systems.
These are systems with multiple cameras usually spread
throughout the perimeter of a room [16, 32]. The cameras
shoot a scene over a period of time (a sequence of frames)
from multiple perspectives and post-processing agorithms
are used to develop volumetric representations that can be
used for various purposes, including 1) to alow an applica
tion to render the volume from an arbitrary viewpoint at any
point in time, 2) to enable usersto analyze 3D shapes by re-
guesting region-varying resolution in the reconstruction, 3)
to create highly accuratethree dimensional models of shapes
and reflectance properties of three dimensional objects, and
4) to obtain combined shape and action models of complex
non-rigid objects.

A query into amulti-perspectiveimage dataset specifiesa
3D region in the volume, aframe range, the camerasto use,
and the resolution for the reconstruction. The query resultis
areconstruction of theforeground object region lying within
the query region (abackground model isused to remove sta-
tionary background objects, but that will not be further dis-
cussed in this paper). Formally, aquery q; isdescribed by a
guery metainformation 5-tuple M;:

1. adataset name D;,

2. a3-dimensional box B;: [ml,yl,zl,xh,yh,zh],
3. aset of frames F;: [fsiart, fend, step],
4

. the depth of the octree (number of edges from the root
to the leaf nodes), which specifies the resolution of the
reconstruction: d;, and

5. aset of cameras C;: [e1, ¢, .. ., cn].

Semantically, aquery builds aset of volumetric representa-
tions of objects that fall inside the 3-dimensional box —one
per frame — using all the available frames for the specified
set of cameras. For each frame, the volumetric representa-
tion of an object is constructed using the set of imagesfrom
each of the camerasin C;. Thereconstructed volume isrep-
resented by an octree, which is computed to depth d;. The
deeper octrees are, the higher isthe resol ution for the 3D ob-
ject representation. Each individual image taken by a cam-
eraisstored on disk as adata chunk. A 3-dimensional vol-
ume for asingle time step is constructed by aggregating the

contributions of each image in the same frame for all the
cameras in C; into the output octree. The aggregation op-
erations are commutative and associative.

Our implementation of the Volume Reconstruction (VR)
algorithm employs parts of an earlier implementation [16]
as a black-box, and that implementation returns an octree
for each frame in a sequence of frames. Therefore, the oc-
trees for each frame requested by a query are cached along
with the associated metainformation. One potential reuse
opportunity is the generation of a lower resolution octree
from ahigher resol ution octree that was computed for an ear-
lier query. In order to detect such possible reuse cases, we
implemented the function in Algorithm 3, which providesa
customization for the findOverlaps method.

Algorithm 3 float overlap(M;,M;)
22 return Q;
CommonV olume(B;,B;)
3 Volume(Bj)
4 fovlp - |F|1Fr‘]j‘j|
5 ifC; D C]' then
6
7
8
9

- Voylp <

o 1€
ovlp 5]

. else
: Covlp 0
. dovlp —1-01x (dz — d])

10: return voyip X fouip X Covip X dovip

The transformation of the cached results into results for
incoming queriesrequiresthe utilization of project functions
that transform the aggregate appropriately. Algorithm 3
hints at several projection operations: (1) for the query box
—multiple volumes can be composed to form anew volume,
or alarger volume can be cropped to produce asmaller one;
(2) for entire frames — use the cached frames as necessary;
(3) for cameras — if the new query requires more cameras
than were used for a cached octree, generate a new octree
from theimages for the new cameras, and merge the two oc-
trees; (4) depth —use adeeper octreeto generate ashallower
one. For the experiments in this paper, we have only imple-
mented theframes project function. Wewill explorethe use-
fulness of the other projection operations in future work.

7 Experimental Evaluation

Many factors affect the performance of the Active Proxy-
G. Thefirst set of experiments show resultsfor various sizes
of the APG cache, as well as for various levels of multi-
threading in the APG service.

A key aspect of our framework lies in the capability of
projecting an aggregate into another by performing a data
transformation operation. We experimentally show how
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much this capability is able to improve the system perfor-
mance in the second set of experiments.

Once the APG detects that a query cannot be serviced
solely from cached results, it is necessary to generate and
forward subqueriesto one or more application servers. Mul-
tiple application serversmay beableto servicethe query, be-
cause the datasets and computational capabilities (in terms
of executing queries of a given type) may be replicated at
multiple distinct sites. The equitable distribution of queries
that are shipped off to the application server isimportant to
achieve good load balancing across all candidate applica
tion servers. A third set of experiments will compare vari-
ations of load-based scheduling strategies against a round-
robin baseline case.

Finaly, we investigate and compare several approaches
for executing subgueries. 1) they can be sequentialy sub-
mitted and executed, 2) they can be submitted as a group
of concurrent asynchronous subqueries to the application
servers, or 3) we can employ an a priori partitioning of a
query into multiple subqueries. The last two approaches
may yield performance benefits, especially in situations
where the APG and/or some of the application servers are

not heavily loaded. The APG and application server are
both multithreaded servers, so under a light workload, a
subset of its thread pool may be idle, and therefore the
generation of multiple subqueries should be able to employ
more of the available computational power that would
otherwise be wasted. The last set of experiments evaluates
these query execution strategies.

Evaluation of scalability and the size of the PDSS

Two of the most important performance related features
in the APG architecture we propose are the level of mul-
tithreading employed and the size of the cache for storing
reusable aggregates. In order to evaluate theimpact of these
two variables, we assembled an experimental setup consist-
ing of clients, application servers, and an instance of the Ac-
tive Proxy-G, as depicted in Figure 5 (3). We have instan-
tiated 5 application servers on 5 nodes in a heterogeneous
configuration: deathstar is an 8-processor 550MHz Pen-
tium |11 Linux SMP machine hosting 8 datasets (two for Vol-
umetric Reconstruction and six for the Virtual Microscope)
and rogue38...roguedl are single-processor 650 MHz
Pentium I11 machines hosting the same six VM datasets as
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deathstar. Deathstar had asingle application server serv-
ing both VM and VR queries, with up to 4 queries under
simultaneous execution. The rogue nodes are uniproces-
sor machines, hence a single query can be serviced at any
given time. The APG was hosted on tau, which is a 24-
processor UltraSparc 1Il SMP Solaris machine. We em-
ployed 12 clients. Four of them generated 16 queries each
for volume reconstruction, and the other eight each gener-
ated 32 pixel averaging VM queries. The VM clients used
aworkload model that emulates the behavior of real users
asdescribed in [15]. Each VR client submitted queries con-
structed according to a synthetic workload model (since we
do not have real user tracesfor the application at thistime).
A query requests a set of volumes associated with frames
selected with the following agorithm: the center of the in-
terval is drawn randomly with a uniform distribution from
the set of “hot frames”, the length of the interval is selected
from anormal distribution characterized by mean and stan-
dard deviation, and the step value is selected randomly as
either 1, 2, or 4. The depth and the 3-dimensional query box
werefixed, aswasthe dataset, and wehaveused al the avail -
able cameras. Each VM dataset isa 10000 x 10000 3-byte
per pixel image, totaling around 1.8GB for the six images.
Each VR dataset isa5200 frame coll ection (13 cameras, 400
frames), totaling approximately 780MB for the two collec-
tions. Figures5 (b) and (c) give a measure of the amount of
spatio-tempora locality in the experimental workload. The
figures provide an estimate of the size of the working set for
each set of queries, which is the metric that drives how ef-
fective the PDSS is as far as improving the system perfor-
mance.

In Figure 6 we see that increasing the amount of space
allocated to the persistent data store greatly decreases the
time needed to process the set of 296 queries submitted



to the system®. For a fixed number of threads, we see a
drop of at least 40% in execution time when PDSS size is
increased by 192MB. For afixed cache size, increasing the
multithreading level from two to eight shows a decrease
in execution time of up to 67%. The APG was also instru-
mented to measure the average overlap ratio, which is the
average fraction of a query that is answered completely
from cached results. We observed that the ratio increases
from approximately 0.60 up to approximately 0.80 as the
PDSS size increases, independent of the multithreading
level. However, the average overlap ratio for afixed PDSS
size, when varying the multithreading level, is higher for
lower multithreading levels, suggesting that executing more
queries simultaneoudly increases competition for memory.
This competition causes potentially useful aggregates to be
g ected from the cache. This result shows that using higher
multithreading levels also requires increasing the space
available to the PDSS, to achieve the same average overlap
ratio.

Evaluation of the caching strategies

A novel aspect in our framework is the reuse of cached
aggregates by applying transformation (projection) func-
tions. Such reuse is profitable when performing the
transformation is less expensive than recomputing the
aggregate from input data. The resultsin Figure 7 compare
the performance of projection-aware caching with both no
caching and a basic semantic cache implementation, where
basic semantic caching only uses a cached aggregate if it
exactly matches the requested aggregate. The workload is
the same as in the previous experiment. The figure shows
that basi c caching improves batch execution time by around
10% compared to no caching at all, and that increasing
the cache size does not significantly improve performance.
In particular, the overlap ratio with basic caching remains
constant at 0.27, meaning that the whole working set for
this caching strategy fitsinto a 128MB cache. On the other
hand, projection-aware caching decreases batch execution
time from 56% up to 75% compared to basic caching,
showing the benefits of the projection-aware approach.
Similar results are also observed when measuring the
average query execution time.

Evaluation of the application server assignment
policy

As was shown in Figure 2, queries can be shipped to
application servers either from the APG or directly from
clients. Moreover, variances over time in the load on each
of the application servers, aswell asin network bandwidth

3PDSS uses space both in memory and on disk. The memory space was
fixed at 128MB, and the disk portion varied from 0 to 192MB. To mini-
mize the effects of the operating system file buffer cache we used the So-
larisdi r ect i o primitive to perform direct disk I/O operations.
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and latency, may beresponsiblefor widely varying query re-
sponse times. The Workload Monitor Service implementsa
prototypefacility that can hel p the APG better assign queries
to application servers when multiple candidates are avail-
able. Although the current implementation of the WMS
does not collect metrics for network behavior, it is able to
gather metrics for thread pool utilization and disk 1/O load
at the application servers. Thisis accomplished by polling
each application server periodically (for these experiments,
once every 15 seconds). Severa individua metrics are col-
lected, but for the purposes of this experiment only two of
them are relevant —thread pool utilization, referred as 7' P,
and normalized disk read rate referred as NDRR. TP,
shows the percentage of threads in the Query Server thread
pool that are busy at the time of polling. NDRR shows
what the disk read rate has been since thelast poll wastaken.
N DRRisnormalized to a percentage by assuming an ideal
30MB/s sustained transfer rate, which isthe nominal trans-
fer ratefor the disksin our experimental machines. Figure 8
showsthe results for around robin assignment of queriesto
application servers, and for several variations of the load-
based strategies. The combined load / for a given applica-
tion server is computed as ! TP, + NDRR. Server
assignment for a query is determined by finding the server
with the smallest load amongst the servers able to service
the query, obtained from LDS. In case of ties, round robinis
used to select a server. Thisisa simplified model, that be-
haveswell for sets of queries having similar 1/0 and compu-
tational requirements. Albeit simple, it is reasonably effec-



tive as the results show.

The workload used to obtain the results in Figure 8
is exactly the same as for the first experimental setup.
However, some of the clients interacted directly with an
application server and some with the APG. Figure 8 shows
performance results, where P—S means P and S clients
submitted queries to APG and the application servers
(hosted on rogue38 .. . roguedl), respectively. The results
in the graph were reported by the APG. Because the number
of queries submitted to the APG varied across the config-
urations due to the varying numbers of clients submitting
queries to the APG, the results for different configurations
are not directly comparable. Nonetheless, the overall trend
is clear - the more unbaanced the assignment is (because
of clients submitting directly to the application servers), the
more effective the load-based strategies become, sinceitis
better to assign queries to relatively unloaded application
servers. Indeed, for the 8-4 configuration, the decrease in
the batch execution time compared to the round robin pol-
icy isup to 59%. For the 12-0 assignment, the |oad-based
policies achieve slightly lower performance than round
robin, for two reasons. First, the system is under a very
high workload and any policy that distributes the workload
equitably will perform comparably. Second, the assignment
for the load-based strategies is dightly more expensive to
compute than for round robin. An important observation,
is that for greater imbalances (i.e. 8-4), NDRR aone
does not provide accurate information about where a given
guery should be sent for execution. We broke down the
execution times for one typical VR query and one VM
guery (without using the cache), and a VR query spends
52.5% of its execution time on computation and 47.5%
on /O, while a VM query spends 84.3% on computation
and 15.7% on 1/O. These metrics show why N DR R aone
does not provide accurate information about application
server load. Since the queries are computationally intensive
rather than 1/O intensive, 7'P, alone was not inaccurate;
however for 1/0 intensive queries it should be. Therefore
a combination of the two variables appears to be a good
compromise solution. If knowledge about the workload to
be presented is available, more accurate strategies can be
designed, and, ideally, a self-tuning policy can be devised
and implemented.

Evaluation of query execution strategies

An important aspect in the design of a query processing
engineisgiven by the expected load it is supposedto handle,
since strategies to optimize for low and high workloads may
greatly differ. In ahighly distributed environment such as
the one we envision for our infrastructure, the load can vary
from very light to very intense. All the experimental results
seen so far were obtained under severe stress, since we had
from 8 upto 12 clients sequentially submitting queriestothe
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matically generated subqueries which can be
potentially concurrently executed by the sys-
tem. The left diagram shows a query being a
priori partitioned, and the subqueries gener-
ated.

APG. In fact, we employed 5 application servers, and there
are potentially up to 8 queriesbeing serviced at a given mo-
ment (4 rogue nodes in addition to 4 simultaneous queries
on deathstar), the application server utilization is amost
constantly at 100% when the APG is configured for handling
8 simultaneous queries.

Idle resources under lighter workloads can be better
leveraged by making use of more sophisticated query plan-
ning and execution strategies. In Figure 10, we present the
results for exploring two new query planning and execution
strategies, namely Concurrent subqueriesand A Priori Par-
titioning. Concurrent consists of executing the maximum
possible number of subqueries generated for the completion
of aparent query (as seen in step 9 of Algorithm 3) concur-
rently as new threads*. A Priori consists of slicing a query
into multiple subqueries when the query is received by the
Query Server (Figure 9) and executing them concurrently,
if possible. Both strategies are aimed at using idle threads
both at the proxy and at the application serversto parallelize
the execution of asingle query, assuming that many applica-
tion serverswill be able to serve agiven query. To evaluate
the performance effects of these strategies, we used an ex-
perimental setup in which we employed two different work-
loads w1 and w2. w1 employed 8 clients, 4 submitting8 VR
querieseach (using 2 different datasets), and 4 submitting 32
VM queries each (using 2 different datasets). w2 employed
4 clients, 2 submitting 8 VR queries each (using 2 differ-
ent datasets), and 2 submitting 32 VM queries each (using
2 different datasets). Thea priori partitioning implements a
heuristic for limiting how many subqueries to generate. An
application specific metric® as well as the number of appli-

4The use of this strategy does not guarantee that al the subqueries are
going to be executed as new threads. That is only the case, if the Query
Server hasidle threads at the time of execution, otherwiseit will fal back
to sequential execution.

5For VM queries, the number of recommended partitions is computed
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cation serversthat can potentially be used to processagiven
query (as returned by the Light Directory Service) is used.
The smallest number between the two i s used as the number
of partitions. LDSisableto compute the number of applica-
tion serversfor a given query using two methods. Regular
in which each application server accounts for one partition,
and weighted in which each application server gets as many
partitions as its maximum multithreading leve.

Figures 10 (&) and (b) show the results for the combina-
tion of workloads and partitioning strategiesin termsof time
for executing the whole batch of queries and also for each
guery on average. Some observations can be made about
the results. The concurrent execution of subqueries is re-
sponsible for a decrease of 4% for workload w1 and an in-
crease of 1% for workload w2 for batch execution time. A
decrease from 12% up to 43% is observed in the average
guery execution time per query. Thea priori partitioning is
responsible for a further decrease both in the batch and in
the per query metric which can be as large as 14% for batch
execution and as large as 63% for an average query when
compared to sequentia execution for the regular variation.
The weighted variation shows decreases aslarge as 33% for
batch execution and as large as 70% for the average query
execution time. As far as the partitioning strategy is con-
cerned, a more aggressive partitioning (weighted) seems to
yield alarger decreasein execution timefor the batch. How-
ever for the larger workload w1 that did not happen for the
average query execution time per query. And the reason is
when more subqueriesare generated because of partitioning,
better utilization of idle resources is achieved due to higher
parallelism, at the expense of more complicated query pro-

so each partition will require at least 4MB of input data For VR queries,
the recommendation will be for as many partitions as the number of frames
being requested in the query metainformation.
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cessing dueto anincreasein bookkeeping and the use of pro-
jection operations. In this case, it incurs higher overheads
that cannot be compensated by higher Query Server utiliza-
tion levels.

8 Conclusions

The main goal of this work is to elaborate on an archi-
tecture for supporting data analysis applications in the con-
text of highly distributed environments, such as the compu-
tational Grid. The design is based on services that can be
integrated in different ways to accommodate specific work-
load scenarios as well as utilization scenarios. In particular,
we have extensively eval uated an active proxy configuration
that concentrates the workload of multiple clientsin such a
way that it isable to leverage its own computationa ability
to respond partially or completely to queries based on aggre-
gates cached locally. This approach results in faster query
responses, decreased use of network resources, decreased
utilization of possibly remote-located application servers,
and effectively better utilization of available resources by
partitioning and concurrently executing subqueries. We
have also shown quantitatively how each aspect of our de-
sign impacts the overall performance of the system. Else-
where [7] we have shown that an active caching approach
is able to increase the performance of a single data analy-
sis application. In this work, we have shown that by mak-
ing this capability available as a service and incorporating
it into an active proxy, a larger community of clients us-
ing different applications and datasets can a so benefit from
more optimized use of resources. In fact, we foresee the
APGs being used as Web proxies in the sense that they will
be located closer to userswhere locality is greater, partialy
shielding them from network latencies and outside disrup-



tions. We also anti cipate hierarchical networks of APGs be-
ing employed to ensure better scalability.
Acknowledgments. Wewould liketo thank the anonymous
reviewers of our paper. Their excellent comments helped
ussignificantly inimproving the presentation and content of
the paper, specifically towards suggesting ideas on how our
prototype can be integrated with the available Grid infras-
tructure.
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