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Abstract

Data streamsare a prevalent and growing source of timely
data. Existing systemsthat handle streaming data are of-
ten explicitly designed to serve the data streams. In the
future we expect data streamsto be viewed asjust another
input sourceto be consulted at will and on demand. These
on-demand applications are often distributed, and either
have significant computational or data access needs.

This paper introduces an architecturefor flexible access
to real-time streaming data on the grid based on the fol-
lowing fundamental observations:

e Aggregation of data streams as data resource —for a
classof datastream systems, aviableview of thedata
streamsthey produceis as a dataresource, where the
canonical dataresourceis a database.

e Stream access through database operations — an in-
tuitive view of stream access operationsis in terms
of database operations, specifically by means of a
database query language. The recent burgeoning
interest in the database research community on the
topic of streams atteststo this viability.

e Grid service-based access to data streams — access
to data streams has a natura realization through
the proposed Global Grid Forum Grid Data Ser-
vice specification, which currently specifies access
to databases.

The primary contributions of this paper are the definition
of adata stream resource, an architecturefor adata stream
resourceon the grid, and an identification of open research
issues.
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1 Introduction

Data streams are a prevalent and growing source of timely
data[14]. Stream applications are broad: sensor networks
monitor traffic flow on US Interstates; NEXRAD Doppler
radars continuously generate streamed data for weather
forecasting and prediction. Network traffic, financial tick-
ers, and web servers continuously generate data of inter-
est. The literature describes numerous systems in exis-
tence that handle streaming data. But whereas existing
applications are often designed explicitly to serve the data
streams, in the future we expect data streamsto be viewed
as yet another input source to be consulted at will and on
demand. Just asit iscommon today to read starting condi-
tionsfor an environmental simulation from afile, it should
be equally as easy to draw those starting conditions on de-
mand from live data streams.

These on-demand applications will be distributed and
will have either significant computational needs or signif-
icant data access needs. As such, the Grid is an attrac-
tive computing framework because it promotes modular-
ity through a service-oriented computing model, and pro-
vides scalability by virtue of its ability to amass resources
that cross administrative domains. Early grids, those in
existence today that span multiple departments on a uni-
versity campus or sites on a company intranet, demon-
strate the benefits attained from harnessing disparate and
widely disbursed computational resources. Existing ef-



fortsto date to integrate stream systemsinto the grid have
been ad hoc in nature [5]. Needed is a general architec-
ture under which existing stream systems can be brought
onto the grid. The model needs to be closdly tied to the
specifications that are developing in the Global Grid Fo-
rum (GGF) because these specifications effectively define
the future direction of data accessin grid computing.

The purpose of this paper is to define the problem
space, and introduce an architecture for flexible accessto
real-time streaming data on the Grid based on three as-
sumptions:

¢ Aggregation of data streams as data resource —for a
class of data stream systems, identified in this paper,
aviableview of the data streamsthey produceisasa
coherent data resource.

e Streamaccessthrough database operations— anin-
tuitiveway to think about stream accessisin termsof
database operations. The recent burgeoning interest
in the database research community on data streams
attests to the viability of this view.

e Grid service-based access to data streams through
Grid Data Service — we posit that access to data
streams should be through the framework specified
in the proposed GGF Grid Data Service (GDS) spec-
ification [2].

The contribution of this paper is severafold. It catego-
rizes existing stream systems and proves that one class of
systems has the necessary propertiesto be a dataresource.
We define an architecture for a data streams resource that
extends the data access model and framework proposedin
the GGF Grid Data Service specification. We demonstrate
that access to streams by means of a database query lan-
guage can be intuitive. Finally, we discuss key research
issues in realizing the data streams model. Our current
effort isto realize this architecture using our dQUOB sys-
tem [22].

The conceptualization of a set of data streams as a uni-
fied data resource is not immediately obvious. We think
thereare several reasonsfor this. First, theterm “ streams”
isvery broadly defined and second, existing approachesto
managing streams span a broad range of functionality as
well. In Section 2 we address this ambiguity by catego-
rizing streaming systems along orthogonal axes in order
to expose the essential defining characteristics. We pin-
point one class of applications and show that this class
has the propertiesthat enableit to be categorized as a data

resource. In Section 3 we define the architecture of the
data stream store, a grid enabled data resource (that is, a
grid service for data) that delivers data stream results to
clients through the grid services infrastructure defined by
OGSl [26, 11]. Through two example systems, in Sec-
tion 4 we establish the feasibility of realizing a stream-
ing system as a data resource by identifying key fea
turestypically associated with dataservice systems(i.e., a
database) and show their syntactic and semantic represen-
tation in data streams applications. The paper concludes
with a discussion of related work and conclusions, Sec-
tions 5 and 6 respectively.

2 Data Streams Systems

The term "streams’ can mean many things. Rowset re-
sults stream back from a database a row at atime; a se-
guence of requests streamsto aweb server; a stock ticker,
a click stream, and keystrokes from a keyboard are all
streams. A stream could be a streaming MPEG movie,
a set of readings from a sensor, or readings from an in-
strumented system. We distinguish theterm “ data stream”
from the general term "stream”. A data streamisanin-
definite sequence of time-sequenced events (also called
"messages’ or "documents’.) Events are marked with a
timestamp indicating the time at which the event is gener-
ated, and often include a logical time indicating the time
at which the application specific event occurred. Data
streams differ from message passing systems in that data
streams|oosely couple distributed componentswith asyn-
chronous time sequenced data whereas message passing
systems support parallel or tightly coupled systems where
communication is often synchronous. Data streams differ
from mouse or keyboard events because the latter tightly
couple an I/O deviceto a process.

Data stream systems are systems, often middleware,
that operate on data streams. Data stream systems fall
into three general categories: stream routing systems, data
mani pulation systems, and stream detection systems. The
categories can be distinguished on the orthogonal char-
acteristics of timeliness demands on the response and on
the quantity of stream data that must be examined to pro-
cess an arriving event (see Figure 1.) Timeliness, along
the X-axis, is the latency between event generation and
delivery of aresult at one or more consumers. |f a deci-
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Figure 1: Types of data stream systems.

sion must be made in on the order of milliseconds, then
the timeliness demands are high; if source to destination
delivery and processing can take minutes, hours, or days,
then timeliness demands are low. Stream routing and de-
tection systems have high timeliness requirements. The
second characteristic is size and number of stream chunks
analyzed. Systems that make decisions based on local-
ized, single-stream, single-event chunks arelow aong the
Y-axis. Those that must examine larger amounts of data
either spatially (i.e. across streams) or temporaly (i.e.
within streams) in order to make adecision are high along
the Y-axis. Though stream systems do not always par-
tition neatly into these categories, in particular there is
considerable overlap in data manipulation and detection
systems, the general distinction is valid and forms the ba-
sis for the conditions under which a set of data streams
can be considered a data resource. We refer to the act of
operating on stream data as decision-making. Determin-
ing to where an event should be routed, whether or not to
discard an event, or apply to it a transformation, whether
or not aquery is satisfied by the recent arrival of an event,
are all forms of decision-making over data streams. We
discuss each system in more detail.

Stream routing systems. Stream routing systems dis-
seminate events (or documents or information about
events) to interested recipients. These systems are known
by many names. publish/subscribe systems such as
ECho [9], NaradaBroker [12], and Bayeux [28]; selec-
tive data dissemination system such as XFilter [1], doc-
ument filtering system such as Xyleme [20], message-
oriented middleware (MOM) [15]. Stream routing sys-
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Figure 2: Stream routing system example.

tems are distinguished by the locality of the information
needed to make the decision. Decisions are made based
almost exclusively upon the arriving event. Though some
history may be maintained for instance to optimize per-
formance, decision-making is largely localized to the im-
mediate event at hand. The high delivery rates expected
of such systems ensure that the decisions are kept simple.
A smple stream routing system is illustrated in Fig-
ure2. A remote broker isshown receiving and distributing
stock quote events. Users register their interest in partic-
ular stocks through submission of a query to the broker.
The query might be, for instance, a Boolean expression,
path expression, or Xpath query. Event arrival triggers
query evaluation. This is quite unlike a database where
guery evaluation is triggered by query arrival. An arriv-
ing event is matched against the long-standing queries,
and then is routed to the consumers indicated by the set
of matching queries. The queries are long lived and are
executed repeatedly. The expectation of these systems is
that millions of queries can be active at any time. Key to
achieving timeliness is the efficient matching of arriving
events against alarge number of long standing queries.

Data manipulation systems. Data manipulation sys-
tems are general stream processing systems that trans-
form, filter, and aggregate data streams. Processing often
resultsin the generation of new streams. There are |ooser
timeliness requirements on the results on these systems
than for stream routing or stream detection systems. For
example, a large-scale instrument or set of instruments
that generates large data sets can make the data sets avail-
able to the science community on the scale of hours later,



and after having undergone extensive transformative pro-
cessing. The types of decisionsin data manipulation sys-
tems can be framed as requests for data and for manip-
ulation of the data, thus the language used to express the
requests must be flexible enough to expressthese complex
requests|[4, 19, 22, 21]. Datamanipul ation systemscan be
based on the assumption of periodic streams, that is, the
assumption of periodicity for al streams in the system.
Sensor network systems display this characteristic.

Data flow programming problems are another form of
data manipulation system wherein data flows that origi-
nate at one or more data generators, are consumed at one
or more consumers, and undergo filtering and transfor-
mation along the way. For instance, large-scale rea-time
visualization data undergoes several transformations be-
tween the parallel models that generate the timestep data
and the tool that visualizes it. This functionality is pro-
vided in systems such as dQUOB [22] and DataCutter [6].
In work done at Cornell on ad hoc wireless networking,
intermediate nodes aggregate information flowing from
sensorsto source [27].

Detection systems. Detection systems detect anoma-
lous or changed behavior in remote distributed entities. In
these systems asynchronous streams are the norm, that is,
no assumptionsabout periodicity can be made. Stream de-
tection systems are used to monitor performance, such as
inR-GMA [10], Autopilot [23], Gigascope[7], changesin
HTML pages, such as in Conquer [18], or safety critical
systems, such as dQUOB [24]. Though overlap exists be-
tween detection systems and data manipulation systems,
the focus of the system drives the kind of support pro-
vided to users. A detection system that provides timely
detection of anomalous behavior might put an emphasis
on specialized operatorsfor processing time markers.

2.1 Distributed Global Snapshot of Stream
System

We assert that data manipulation and detection systems
form a class of stream systems that meet the criteria of
a data resource whereas stream routing systems do not
(though exceptions do exist.) We define a data resource
as an organized collection of information that has coher-
ence, meaning, and value to a community. A relational

database has coherence and meaning in that the tables in
the database are related to one another and the relation-
ships have meaning. As such, the database is amenableto
rich interrogation, analysis, and manipulation.

Data manipulation and detection systems meet the cri-
teriaof adataresource because these systems export their
state or behavior, thus the streams collectively form a
global snapshot of selected and relevant behavior of an
application. Specificaly, a distributed global snapshot
typically consists of a snapshot of the processesin adis-
tributed application plus all messagesin progress between
the processes. But by the nature of stream applications,
which are organized around the production and consump-
tion of data, the distributed globa snapshot of a data
stream application can be determined from examination
of the data streams alone. That is, we can safely draw
conclusions about behavior of the distributed application
simply by examining the streams. This defining charac-
teristic makes stream systems quite different from stream
routing systems and from distributed systems in general.
We illustrate with an example from a safety critical mon-
itoring system at a nuclear power plant where tempera-
ture, pressure, and device sensors are employed to de-
tect anomalous behavior. Each sensor exports an aspect
of the behavior of the instrument it monitors. At any mo-
ment in time, the datastreamsfrom all sensorscollectively
form a global snapshot of selected and relevant behavior
of the nuclear power plant distributed application. Events
in one water temperature data stream are related to events
in one water pressure data stream, and the water temper-
ature eventsin one data stream are related to one another
through time.

Stream routing systems, on the other hand, efficiently
move events from providers to consumers in support of
any number of simultaneous users. Payload is not impor-
tant unless it affects the routing decision. Decisions are
made on an event-by-event basis; an event either goesto a
destination or it doesnot. Theeventsintransit may or may
not encode the state of aproducing entity. Streams may or
may not have meaning relative to one another. The impli-
cation of these broader requirements is that a distributed
global snapshot for arouting system must includethe state
of the entities at each end of the pipe in addition to the
messages themselves.

Data manipulation and stream detection systems ex-
hibit the characteristic that embodied in their data streams



isaglobal snapshot. This condition is sufficient for these
systems to be considered a data resource. That is, the
global snapshot over a set of streams satisfies the require-
ments of coherence and meaning.

3 Architecturefor Stream Resource

Data-driven applicationsrequire access to dataresident in
files, databases, and streams. We assert that access to data
in streams should be as intuitive and uniform as access
to files or databases. We believe that this goal is best
achieved within the data access and integration frame-
work proposed by the DAIS working group [2] of the
Global Grid Forum. In this section we define the relevant
terminology [2, 11] and framework [17] used in access
and integration of databases on the Grid, then introduce
amodel and architecture that extends the framework to a
data stream resource.

An external data resource is a source of data that has
an existence independent from the grid services architec-
ture. Itisoften awell-established system that operates au-
tonomously and can be accessed through non-grid mech-
anisms. An external dataresourceis represented by prox-
ies that are grid services. The canonical example of an
external dataresourceis adatabase. A Grid Data Service
is agrid service that provides access to an external data
resource. It implements data-specific interfaces for data
description, that is inquiring as to the kind of database
and number of tables; data access, for issuing a query for
instance; data management, for managing the grid ser-
vice itself; and data factory, for creating a new instance
of a data service or rowset data service. A Rowset Data
Service is a virtualization of a result set resulting from a
guery to the Data Service. It is a new service instanti-
ated through an invocation of a factory port for purposes
of handling longer running activities, such as a query that
takes numerous hours to complete. A Rowset Data Ser-
vice maintains state about the session. The Grid Data Ser-
vice and Rowset Data Service are depicted in Figure 3,
and are shown interfacing to a stream resource instead of
atraditional database.

The main thesis of this paper is that data manipula-
tion and detection systems can and should be viewed as
an external data resource and hence are amenable to ac-
cess by means of the DAIS data access and integration

framework. An architecture that supports data streams
should be general enough to accommodate multiple exist-
ing stream systems, many of which are cited throughout
Section 2. These systems should retain the ability to be
accessed by mechanisms besides the grid service mech-
anism. By modeling a data stream system as an exter-
nal data resource, we provide a means whereby existing
stream systems can be brought onto the grid.

We define a data stream store as a data resource
consisting of possibly distributed, domain-related data
streams and associated computational resources, |ocated
in physical proximity to data streams and on which query
processing is carried out. The data stream store is a
grid enabled data resource able to interact with and serve
clients and other grid services through the grid services
infrastructure defined by OGS [26, 11]. Providers of
events are external to the data resource. The streams they
generate are external to the data resource unless explic-
itly published to the store. Data streams produced as a
product of data stream processing (i.e., views) are auto-
matically part of the virtual data stream store.

An example data stream store, illustrated in Figure 3,
consists of nine data streams and associated computa
tional resources. The computational resources, Ci, are
contained within the virtual stream store but can be physi-
cally widely dishursed. Computational resources are lo-
cated in physical proximity to data streams. The defi-
nition does not prohibit a computational resource from
also being a provider. The providers, which include the
radar in the lower left, and six sensors, two per sensor
node for nodes C1, C2, and C4, are excluded from the
virtual stream store. This is an important feature of the
model. Through the feature, the model can accommodate
a database implementation of a data streams system, that
is, where data streams are resident in a database and are
serviced by long running queries managed through exten-
sions to the database management system [4, 13]. Exclu-
sion of providers benefits the provider by allowing it to
retain control over which data streams are visible to avir-
tua stream store and when the streams become visible.
In the following section we probe more deeply into the
suitability of a database access interface for a data stream
store and define open research issues.
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Figure 3: Data stream resource consists of streams and
supporting computational resources encompassed within
thick dotted line and grid services interface to the stream-
ing store. Note that data providers are external to the
stream store.

4 Details

We have demonstrated that the data stream store architec-
ture supports an important class of data streaming prob-
lems on the grid. In this section we claim that a database
access interface (e.g., a database query language) is a vi-
able access API for stream systems on the grid. For ex-
ample, a very practica solution to monitoring is to feed
data streams from a nuclear reactor monitoring system
for instance into a time-based database and perform post
mortem processing of the data by means of issuing queries
over the data streams that define hazard conditions. The
usefulness of this query capability does not diminish were
we instead to issue those same queries so as to obtain an-
swers directly from the streams.

A database access interface provides a couple major
gainsbeyond anintuitiveinterface. First, in examining the
literature on streaming systems, one finds that most exist-
ing stream work has a database access interface. Thus
our architecture can enable existing systemsto be brought
onto the grid. Second, the Grid Data Service specification
and OGSA Data Services document together defineahier-
archy of ports (or interfaces) for access to data resources.
By adopting a database access interface, we leverage this
work and are in a position to influence an extension to the
Grid Data Service specification for streaming resources.
The ability of the specification to accommodate a non-
database data resource strengthens and validates its gen-
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erality. Ontheother side, devel opersof streaming systems
can develop in accordanceto an architecturethat istied to
an widely supported GGF specification.

In this section we highlight afew operations of the data
access API for the model, then go on to identify open re-
search issues. We first set the stage by giving two exam-
ples of existing data stream systems.

Thefirst exampleis from the sensor network described
in [27]. Sensor nodes are limited computational devices
equipped with several kinds of sensors (e.g., temperature,
light, PIR). Nodes are connected to neighborsin an ad hoc
wireless network and use a multi-hop routing protocol to
communicatewith nodesthat are spatially distant. Special
gateway nodes connect to components outside the sensor
network through long- range communication such as ca-
bles or satellite links; all communication with users goes
through the gateway node.

Queries are long running and periodic; streams are as-
sumed to be synchronous. The query sensor network
aggregates readings of the distributed sensors at each
timestep. In Figure 4 a) four sensor nodes are depicted,
A, B, C, and Gate. Gate is the gateway node that com-
municates with the Grid Data Service to return a stream
of aggregated values, one per timestep, for each sensor in
the system. As can be seen, the periodic output from the
sensor network is an aggregation of values for sensors x,
y, and z at each timestep. The user in this example might
be a portal interface that graphically displays results in
real time.

The second organization is visualization flow process-
ing as provided in dQUOB [22] where compute nodes are



located on the path between the parallel model (WRF1,
WRF2) and its visualization; see Figure 4. Each node on
the path performs filtering, transformation, or aggregat-
ing. Transformation might convert the data from spectral
domain to grid domain by application of an FFT. Another
might join data streams from the model with a stream
from the user and filter according to the user preference
in a particular region of 3D space. Figure 4 b) depicts
two model components, WRF1 and WRF2, that push data
through a transformation node (T) and filter node (F). At
nodeT the streams WRF1.x1 and WRF2.x2 arejoined and
the function T applied to the result. The resulting stream
of events, Y, are streamed to node F where the function F
is applied, resulting in stream Z. The user in this exam-
ple could be a visualization tool enabled for application
steering.

4.1 Data AccessInterface

The access mechanism to the data stream store is simi-
lar to the access mechanism in a database management
system. In Table 1 we highlight several operations on a
data stream store, show their similar database function-
ality, and list the relational grid access interface in terms
of the base portTypes (l€eft of the double colons) [11] fol-
lowed by the relational realization [3].

Stream request Database Grid services
operation portType
operation/SDE
publish new create new not currently
stream to store table defined
information information DataDescription::
about astream | about schema | Relational Description
issue issue DataAccess::
stream query database query | sglQuery
describe stream info about DataDescription::
result instance of RowsetDescription
query result

Table 1: Data access interface: sample operations.

Publication of a stream to a store is analogous to ta-
ble creation in arelationa database. A stream is not vis-
ible to the stream store until explicitly published to it.
The provider has control over which streams to publish

to the store and when to publish them. The proposed
GGF specification for relational database access [3] does
not yet define commands such as this that are tradition-
ally specified through a database data definition language
(DDL). Retrieval, manipulation, and operation of stream
datais done by means of issuing database-like queries to
the data stream store. A query is long-running, possibly
distributed across the available computational resources,
and must be pushed into the stream store. It is specified
through a port analogous to the sglQuery portType. The
response from a query is a stream of results returned by
the Rowset Data Service. Information about the result in-
stance is obtained by issuing a request to the analogy of
the RowsetDescription portType.

4.2 Research |ssues

Integrating data streamsfrom instruments and sensorsinto
grid computing raises anumber of research issuesthat we
identify in this section.

Query distribution. The data stream store will in most
cases be a distributed resource that provides location
transparency. That is, the user writes a single query as if
all streams (tables) were centrally located. But since the
streams are distributed, some form of query distribution
must be provided. Asthiskind of functionality is nearly
universal in all stream systems we examined, it could be
provided as a pluggable component in the Grid Data Ser-
vice. The OGSA-DAI [8] reference implementation, for
instance, is structured to handle pluggable modulesin the
Grid Data Service.

Data distribution. Data distribution models differ
across the systems we examined. For instance, in the
sensor network example of Figure 4a), records of the
same sensor type but from different nodes have the same
schema, and collectively form a distributed table. Where
sensor hodes A, B, and C export the stream of their
sensor y.  The distributed table Y is the union of all
A.y, B.y, and C.y. The operation performed on that dis-
tributed table is the aggregation of events based on times-
tamp. Thisis seen by the result streamed from C, namely
Agg(A.y,B.y,C.y). Not shownisthat C actsasan interme-



diate node also for streams A.x and B.z but does not op-
erate on these. In the sensor network, datais distributed.

In the flow example, the datais federated. The parallel
model components WRF1 and WRF2 both generate data
of type X. But the stream for X generated by WRFlisina
"table” named X1 whereasthe stream generated by WRF2
isina”table’ named X2. While neither approach is better
than the other, the examples illustrate that the Grid Data
Service should be flexible enough to handle different dis-
tribution schemes.

Query distribution often includes assembling the results
from the distributed sources. Thisfunctionality islessim-
portant in a Grid Data Service because for instance, in
the sensor network, aggregation of results is done within
the virtual stream store. In the flow-programming exam-
ple, the query is broken into subqueries and placed in the
stream resource in relation to other subqueries and based
on proximity to the sources. Once again, the results are
returned from the stream system in their completed form.

Management of long running queries. The queries
themselvesreside in and are executed in the virtual stream
store. Query lifetime is often specified by means of ex-
tensions to the query language. If this support is not pro-
vided or local nodes of the virtual stream store can not
manage query termination, this functionality would need
to be provided by the Grid Data Service. The result of
along running query is a series of tuples generated over
time that must be delivered by means of astream delivery
mechanism. The DAIS specification accommodates asyn-
chronous request such as this by means of instantiating a
Rowset Data Service.

Query instantiation. Query instantiation isthe realiza-
tion of aquery in the virtual stream store. The user speci-
fiesaquery assay, an ASCII SQL statement, but by some
mechanism the query is executed inside the virtual stream
store. This instantiation is typically handled in an appli-
cation specific way thus support in the Grid Data Service
for this as well must be modular and pluggable. To illus-
trate, suppose a set of hosts are available for use. In the
Gigascope system [7], queries are pre-compiled into the
executables that run on each of the nodes. In the case of
dQUORB, the user submits a query that is compiled into
a Tcl script that is then sent to the remote host. At the

host are a runtime system and a dQUOB library. The
runtime system receives the script and invokes a Tcl in-
terpreter. Through the process of interpretation the script
calls the dQUOB library which instantiates the query as
C++ objects of operators (e.g., select, project) connected
as a DAG. Thus the query is transported as a compact
script, but runs efficiently as compiled code at the node.
Further, the dQUOB query language allows definition of a
user-defined procedureto be executed as part of the query.
These code chunks are dynamically linked into the query
execution environment at runtime.

Updates. An update is the publication to a data stream
that is a member of a virtual stream store. For reasons
of performance and flexibility to support a broad range
of systems, data publication from devices should be al-
lowed to bypass the Grid Data Service. As such, the
model allows point to point transfer of events using the
underlying communication system. Sensor nodes on an
ad hoc wireless network, for instance, do not have suffi-
cient power to route communication through a Grid Data
Service. Nor can they handle the 100-700 ms latencies
it introduces [16]. But the Grid Data Service must sup-
port an update operation to enable client participation.
For instance, stream X in Figure 4b) is the user operat-
ing through the visualization tool to push infrequent re-
quests for particular data regions into the transformation
F. DAIS support for update could be by means of persis-
tent sessions in the Rowset Data Service.

5 Reated Work

Related efforts in grid services for stream data are small
in number. The OGSA-DAI project [8] has developed a
set of services for connecting databases to the grid based
on the GGF Grid Data Services specification. The sys-
tem was recently released to widespread acclam. The
OGSA-DAI work is complementary to our work and in
fact will serve as a key component in our implementation
of the streaming architecture proposed in this paper. In
the Antarctic monitoring project [5], the authors propose
a grid services architecture for interacting with an envi-
ronment sensing device located in Antarctica. The grid
services architecture provides access to and control of the
sensor device, and accepts the data stream from the re-



mote device via an iridium satellite phone network. The
work differs from ours in that the service supports the
combined functionalities of device management and ac-
cess a stream of data. We view the two functionalities
as distinct. Our data stream store is a mechanism for ac-
cessing data streams emanating from numerous devices.
We suggest that access to the hardware that generates the
streams should be via a device management service.

Narayanan et al [25] discuss a services oriented soft-
ware infrastructure that provides database support for ac-
cessing, manipulating, and moving large scale scientific
data sets. The service model differs from our work in that
the target data resource is a database of large scale data
sets. R-GMA [10] is a stream detection system for per-
formance monitoring of the grid middleware. It could be
cast into the architecture described in this paper, however
we envision the data stream store as having value to appli-
cation users, not grid middleware services. Additionally,
R-GMA supports a more limited access language than is
provided in such tools as dQUOB.

6 Conclusion

We propose a hew model and architecture for accessing
stream data on the grid. The model has several major
strengths. It is general so as to accommodate existing
stream systems. It is scalable to accommodate networks
of sensors and large scale instruments. It extends the pro-
posed GDS specification of GGF and as such gains the
benefits of approximate compliance whiletesting the gen-
eraity of the model implicit in the specification.

This is not to say that supporting a data stream store
within the DAIS framework istrivial. The similarities are
at arelatively coarse level; at the semantics level the dif-
ferences are fundamental. But it is our belief that the ar-
chitecture described herein will provideintuitive accessto
a valuable data source for the grid community. Ongoing
work towards realizing this model is being done at 1U in
the dQUOB project.
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