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Abstract

As the size of scientific datasets and the demand for int@gdiisary collaboration grow in mod-
ern science, it becomes imperative that better ways of @&ty and placing datasets generated
across multiple disciplines be developed to facilitaterdisciplinary scientific research.

For discovering relevant data out of large-scale interpis@ary datasets. The development and
integration of cross-domain metadata is critical as meteskerves as the key guideline for organiz-
ing data. To develop and integrate cross-domain metadatageaent systems in interdisciplinary
collaborative computing environment, three key issues hebe addressed: the development of a
cross-domain metadata schema; the implementation of adatatananagement system based on
this schema; the integration of the metadata system instiegidistributed computing infrastruc-
ture.

Current research in metadata management in distributegutimg environment largely focuses
on relatively simple schema that lacks the underlying dpsee power to adequately address
semantic heterogeneity often found in interdisciplinasiesce. And current work does not take
adequate consideration the issue of scalability in laggdesdata management.

Another key issue in data management is data placementodhe increasing size of scientific
datasets, the overhead incurred as a result of transfedatagamong different nodes also grow
into a significant inhibiting factor affecting overall permance. Currently, few data placement
strategies take into consideration semantic informatamrcerning data content.

In this dissertation, we propose a cross-domain metadatarayin a collaborative distributed
computing environment and identify and evaluate key factord processes involved in a suc-
cessful cross-domain metadata system with the goal oft&tailg data discovery in collaborative
environments. This will allow researchers/users to conhahierdisciplinary science in the context
of large-scale datasets that will make it easier to acceedlisciplinary datasets, reduce barrier to

collaboration, reduce cost of future development of sinslesstems.
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We also investigate data placement strategies that inganeantic information about the hard-
ware and network environment as well as domain informaticdhé form of semantic metadata so
that semantic locality could be utilized in data placem#df could potentially reduce overhead

for accessing large-scale interdisciplinary datasets.



Chapter 1
Introduction

1.1 Introduction

One of the key problems in scientific computing is the interapility among different data sources
produced by different scientific disciplines or tagged bfedent metadata standards. As collabora-
tion among disciplines and research groups fast becomeotinein modern science, management
and leveraging of metadata for projects involving crossidim collaboration has become increas-
ingly urgent. Metadata enables physical data to be effelgtisiscovered, interpreted, evaluated,
and processed, introduction of cross-domain metadatageament is critical in extending the tra-
ditional functionalities traditionally provided by metatd to cover datasets which have become
increasingly cross-domain and cross-standards, furtiernheveraging information provided by
metadata could also potentially help alleviate perforneaesues born out of having to access in-
creasingly large datasets in modern science by intelliggiécing datasets to increase locality
and reduce overhead inherent in data transfer in distbegironments.

Today, the scientific research community faces new chadiemgmetadata management as com-
puting environments become increasingly large and comguhelxscience requires more interdis-
ciplinary collaboration. For example, in the Atlas[18] DM S[23] projects alone, more than 200
institutions from 50 countries use a data collection whiotréases by around 5 petabytes annu-
ally. These large collaborations involve not only domaireststs, but also computer scientists,
engineers, and visualization experts who need to acceskathdo advance research in their own
fields. Traditional catalogue based metadata servicedinatations in such application scenarios.
It is difficult to handle data integration across differeptthins; management of domain schema
evolution often leads to confusion; and performance unégi-pcale computing environment is

often not satisfactory.



Metadata refers to information about data itself, commatdfined as “data about data”, and
it is essential for cross-domain scientific computing. \ithproper metadata annotation, the un-
derlying data is meaningless to scientists. And in an imgeiplinary research environment, it is
essential for scientists to access data from domains eliftérom his own efficiently and precisely.
Traditional domain-specific metadata schema is inadedonateseting the demand of interdisci-
plinary collaborative scientific computing. Because ofaténce in perspective, tradition and terms
used, same item might be described completely differentlgifferent domains. Therefore, it is
important to establish conceptual and semantic mappinghigrooncepts from different domains
to facilitate cross-domain data access. On the other hamsl unrealistic to expect to establish
a completely unified view of everything and reconcile all thiferences among all the domains
without sacrificing relevance. Metadata schema also nedkéanto consideration possible future
extension to address possible addition of scientific domais discussed above, in cross-domain
metadata management, proper balance of integration aretevand extensibility is essential for
enabling efficient and precise access to cross-domain datve.

A successful cross-domain metadata management not onlireés@ proper metadata schema,
it also needs a powerful enough modeling schema to desdrédbeetadata schema in machine-
understandable format. Different conceptual modelings@s are available for building a meta-
data management service. Controlled vocabulary, scherdaraology provide an increasing level
of description based on agreements concerning the meahtegws, allowable data hierarchies,
and the overall data model.

Based on description logic [39], ontology describes thecepts and relations that can exist
for an agent or a community of agents in a given domain. Gégataconsists of taxonomic
hierarchies of classes and the relations among these sl&@sé&logy has two key advantages
compared with traditional data modeling techniques: firéias more expressive power than other
traditional data model techniques; secondly, efficiensoears are available to enable discovery of

implicit knowledge and perform constraint verification asteecking. But its incompatibility with

2



most of the existing data intensive computing environmeas@nts a problem for implementation.
Existing metadata management in distributed computing@mment such as iCAT in iRODS [42]
offers compatibility with existing infrastructure in saitfic computing. But their expressive power
is not powerful enough to accommodate what is needed in a-cdosain metadata schema.

Another factor we must take into consideration is the isdugcalability and performance, in
peta-scale computing, metadata schema must also be aloléd@ peta-scale while still provide
reasonably satisfactory performance. A balanced appiisaxeded in both high-level architecture
as well as low level implementation in order to reach the réelsscalability and performance
targets. For scalability, a distributed, loosely couplgdtem architecture is often required. For
performance, little research has been done with regardet@éinformance of key parameters of
metadata management in peta-scale computing, eitherdenszrich in expressive power such as
ontology, or for schema more traditionally associated wisitributed computing. Our experiments
[51] indicated that there are unresolved issues in bothcguhes.

Another untapped application area for metadata is scierddia placement in collaborative
distributed computing environments. Current data placgragategy for distributed system, for
the most part, simply places data archive physically on ites physically housing the research
project, e.g. Numerical Relativity Group is a Center for Quitation&Technology research group
at Louisiana State University-Baton Rouge, thereforeg dathive for Numerical Relativity Group
is created and hosted on cluster located on LSU campus sspiheitl locality could be maximally
exploited for optimal performance if the researchers of Mrioal Relativity Group were to access
their data archive. Potential drawbacks for the currerd giicement strategy include:

1. Due toincreasingly distributed nature of modern scigplgsically concentrating data archive
on one location might negatively impact service perfornedioc researchers located in another in-
stitutions.

2. The needs for replication to balance availability andgremance as well as minimize repli-

cation overhead on system are not considered in curretégyra
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3. No consideration is granted to potential collaboratiotoag different projects working on
similar domains, e.g. gulf coast oil spill simulation migtged to work with hurricane prediction
group to make accurate assessment.

Semantically-Aware data placement and replication se&kimadvantage of user-defined meta-
data information to optimally place and replicate data sstbhe whole system so that better perfor-
mance, availability could be provided and overhead coulthivémized. Specifically, by utilizing
user-defined metadata information, hopefully, data plasgrand replication strategy can take fac-
tors with real-world performance implications, such as aetic locality, to address issues raised
above with the ultimate aims of providing service with higbensistence, better performance and
higher availability.

In this thesis, we seek to investigate issues related todtelopment of cross-domain schema,
the implementation of cross-domain metadata schema idabcoétive distributed scientific com-
puting environment. We will also conduct tests on key patanseof our systems to better under-
stand the role played by these parameters on performancecatability. We will also investigate
Semantically-Aware data placement strategies and algositto leverage cross-domain metadata

to improve data locality for better data-accessing peréoroe.

1.2 Summary of Contribution

Large-scale data management has become increasinglicéemtrodern internet-scale, highly dis-
tributed computing environments, as proven by the rise td-td#@ensive computing in academia
and big data in industry, but in particular in industry. Titemhal relation-based data model with
heavy focus on data consistency epitomized by relationabdse management system does not
provide sufficient horizontal scalability to keep up withetkxplosive growth of data. Various
NoSQL database and key-value stores have been developeadvidegthe necessary scalability
such as Google BigTable[22], Amazon SimpleDB[2] and ApadBase[3]. These industrial so-
lutions achieve high horizontal scalability and high aaility by trading off strict consistency for

looser eventual consistency and by embracing key-valuesteith little or not schema involved.
4



They serve well in their respective domains. On the othedh#re problem facing scientific re-
search in academia differs from those facing industry, @imeost active work on large-scale data
management has been conducted, specifically:

1. Industrial solutions are often tailored for specific reegda controlled environment, or pro-
vided as a highly abstract solution that requires substamtlevelopment by users to satisfy their
specific requirement. Industrial focus on scalability im@entrated on scaling up the number of
data items the system is capable of handling. Scientific gemant of large datasets, however,
often involves highly independent research groups cotktiby with each other with little cen-
tral direction, and due to the nature of present day sciemBBearch, a unique challenge in data
management in scientific community is the scaling up of tmeas#ic "understanding” of the data
being managed, in another word, it is more focused on fusitdiydifferent data domains so that
scientists could understand each other better.

2. The data size in scientific community, while really larg| can not be compared to the data
size required in industry, which provides the opportunatydcientific data management to leverage
data models whose complexity would lead to overhead thdtlemt be tolerated in industry.

These challenges are unique to scientific community, yettoltlee available resources, avail-
able datasets, difficulties in understanding and incotpagaften implicit relations among differ-
ent scientific domains, the problems mentioned above halvbe®n adequately addressed inside
academia while the explosive growth of data inside acadenaisents the same set of problems to
scientific community as to industry.

In summary, this dissertation seeks to contribute to addrgshe overall large-scale data man-
agement problem that has become the one of the most impprtdiems in academia and industry
alike with specific focus on unique problems and challenges§ scientific community that in-
dustrial and open-source solutions of big data problem hat@edequately concentrated on. The
approach taken by this dissertation is mainly on makingediifit trade-offs among key objectives:

scalability, availability performance, etc. to suit theique needs of scientific community while
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still maintaining sufficient attention to providing soloiti to large-scale data management common

to all.

1.3 Dissertation Outline

This dissertation is separated into the following parts:

1. Chapter 2 gives a overview of current status of researdeyrrelated areas such as cross-
domain semantic modeling, scalability in metadata managemand performance evaluation as
well as semantically-aware data placement. Chapter 3 ggsvsummaries of key technologies
this dissertation leverage.

2. Chapter 4 and Chapter 5 discuss abstract models, matdeaggproaches used used in system
design and implementation.

3. Chapter 6, 7 and 8 discuss details in design, implementatid evaluation of semantically-
aware data discovery.

4. Chapter 9 presents details on design, implementatioreealdation of semantically-aware
data placement.

7. Chapter 10 concludes the dissertation, discuss cotititsu and future works.



Chapter 2
Background

2.1 Cross-Domain Metadata Management

Metadata management typically deals with defining, reprtasg, storing, accessing properties to
be used for content descriptions. Kashyap ef al. [34] diagsinetadata into Content Independent
Metadata and Content Dependent Metadata. Content DepeNt#adata can be further cate-

gorized into Direct Content-based Metadata, Contentrgase Metadata. Content-descriptive

Metadata comes in two different flavors: Domain Independiégitadata and Domain Dependent
Metadata. In interdisciplinary research, the hardest Aedriost meaningful part of metadata in
interdisciplinary collaboration is often Domain Depentdkletadata as it is often hard to describe
domain metadata in a clear, structured manner, but it istakspart of metadata information that
offers the biggest promise in establishing conceptual nmggomong different terms from different

domains.

Currently, widespread application of metadata in the mamamt of various entities in vari-
ous computing environments have produced myriad metate@tdads, modeling schemas, etc.
describing every kind of metadata. For example, Dublin 6}dists 15 key properties such as
Title, Creator and Subject that are common elements sharedolst entities in most computing
environment. However, the success of this kind of minintigl@pproach also means it relies too
much on textual description, which can be problematic inrdardisciplinary research environ-
ment. In an interdisciplinary environment, scientistenfheed to access data from other scientific
domains annotated by metadata described in different wagh which requires metadata to cap-
ture the underlying concepts, which in turn, require maggind integration of terms in different
domains based on the similarity of underlying conceptsjeets such as those conducted by Mid-

America Heart Institute [41] do support mapping and intégreof concepts and terms to capture



the common concepts behind heterogeneous terms, but tkegtejin single domain environment,
while heterogeneity does exist in such environment, it aatrbe compared to an interdisciplinary
environment covering diverse scientific domains.

According to National Center for Supercomputing Applioas [25], it is critical to identify
communities of scientific data producers and consumergusecnost of the current metadata re-
search is conducted within the confinement of single datacitn, which is clearly not sufficient
in modern interdisciplinary research environment, busstieer diversity of the entire scientific dis-
cipline means that it is not realistic to integrate all theestific data collections without glossing
over significant details, in short, science as a whole antti@lplayers in science, such as scientists,
academic institutions, funding agencies, etc. are singuydiverse to be organized and integrated
into an single framework at this stage. Also philosophicalbeaking, it is hard to imagine the
existence of a god-like know-it-all entity, no such entigysts in human society, it would be diffi-
cult to contemplate the creation and maintenance of suchtég s a conceptualized world whose
knowledges and capabilities, so far, all come from its huoreators. Fundamentally speaking, the
need to “go deep” and the need to “go broad” demand cont@glietpproaches, it is hard, if not
impossible to accommodate both demands to their maximutowitintroducing unmanageable
complexity. Hence, identification of appropriate scientfommunities whose data collections are
integrable via metadata is a critical first step in the desigth implementation of cross-metadata
management framework.

Under Grid environment, metadata management is also aenesidch critical part. iRODS [42]
data grid software developed by San Diego SupercomputeeCstores system-related metadata
in a central database called iCAT while users can define tvair sets of metadata in Subject-
Predicate-Object triples format by using iRODS commands &pproach only provides anset of
tools for users to develop their own metadata without an sebmmonly agreed terms, relation-
ships and concepts, as a result, it is very difficult, if ngpassible to integrate metadata arbitrarily

defined by scientists from different disciplines or evemstists from the same disciplines.
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Metadata Catalog Service [44] developed at Informatioersm® Institute, University of South-
ern California incorporated metadata schemas that despritiperties of logical file, logical col-
lection and provenance. Extensive experiments on scijednild performance of MCS under data-
intensive environment was also conducted on up to 5 millbgidal files each associated with 10
attributes. But not enough research in MCS was done regafuiitiding, mapping of terms and
concepts of domain-dependent ontology, which can helfitaig interdisciplinary research by
unearthing deeper connections among terms and conceptglffi@rent domains.

Earth Science Modeling Framework (ESME) [8] is a set of paogming libraries designed to fa-
cilitate the building and coupling of earth science simolamodeling. Its metadata system mainly
appears in the form of Attribute, here Attribute refers toneavalue pairs. Attribute in ESMF can
be uniquely identified by its name, its convention and itsppse, sets of Attributes with iden-
tical convention and purpose can be grouped together irttthAte packages. Usually Attribute
packages describe community standard so that users catedfatasets and other programming
objects with terms widely used in their respective sciermeains. Attribute packages can also be
nested inside each other to create basic layered struBixtensive testing and performance bench-
marking under distributed environment have been condumteBSMF Attribute system, though
its simple representation of metadata (name-value pair)aak of complex structure contribute to
better performance in distributed computing environmgethiesy also render cross-domain access
of data archive extremely difficult as there is no supportdass-domain semantic mapping of
terminologies.

While metadata management is often associated with largle-scientific datasets, Other areas
of computer science touch upon this topic as well. For exampts of research has been done in
the area of Semantic Web [50] whose objective is partiallguibd an structured, well-defined vo-
cabulary to inject machine-understandable semantic mgamto traditional only human-understandable
web pages. Ontology is a modeling scheme used in Semanticd/etplicitly represents a set of

concepts within a domain and the relationships among theseepts([30]. It provides rich de-
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scriptive capabilities which can be utilized as a metadatdeting scheme to potentially integrate
highly heterogeneous data set.

One common use case is the Gene Ontolbgy [29] in which antstectrepresentation of gene
functions is used in a uniform way to be queried across diffegene databases. Gene Ontology is
an important collaborative effort and it is arranged in admiehical manner using directed acyclic
graph. A controlled vocabulary is provided by analyzing seenantic structures of the data and
then implementing a uniform representation of metadataimétion. The metadata can be queried
at different levels over many databases that span the w28 Despite its potentials, current
research primarily focuses on the development of ontolbgy tlefines vocabulary to describe
concepts specific to single domain.

Luis E. Bermudez presented an Ontology Metadata Framewohksi PhD thesis [36] to fa-
cilitate the semantic interoperability among differentlfglogical metadata specifications. With
regard to domain-dependent ontology integration, Stuskfemidt et al. proposed integrating dif-
ferent domain ontologies for data integration![47] and td&d different mapping approaches for
concepts in different ontologies.

Jeffrey et al[[32] developed an ontology enabled semaeticch engine for the SRB/MCAT
[20] system to handle heterogeneous data sources. Thé&nsydlows user to load different on-
tology instance datasets into a mySRB interface enabliagtasearch on heterogeneous ontology
repositories. However, their research did not cover thigcatiissues of extensibility, limit of ex-
tensibility, scalability and performance in a data-inteegnvironment.

The Pegasus group developed a virtual metadata catalodn whiwides semantic-rich infor-
mation for the metadata catalogue [27]. They integrateds#as from three disciplines by con-
structing one virtual metadata catalog which hides all tiaewlying distributed domain ontologies
from the query mediator. Again, their system didn’t adeglyadddress how to integrate metadata
of new domains into existing metadata framework with miridisruption of service. Performance

of their system in a terabyte or even petabyte environmeatneaexplored either.
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The Earth Science Curator[7] seeks to develop communitg widtadata standards. The meta-
data being developed includes such topics as simulatiosedegy, component-level scientific and
numerical properties. The Earth Science Curator ontolagppsrts classification of datasets as
well as network access of data archives. But the structuteeobntology is essentially flat and
the domain covered by it only extends within geo-sciencemanity. As a result, there is no
support for cross-domain metadata management in ESC amddbkems of including it in large-
scale computing infrastructure as well as its performandarge-scale, data-intensive computing
environment are yet to be resolved.

The CUAHSI Hydrologic Information System (CUAHSI-HIS)[#fovides low-level metadata
management in the form of Observation Data Model (ODM), ati@hal database schema encoded
with metadata in Hydrology community; data transmissi@ndard in the form of Water Mark-
up Language (WaterML) to hide the underlying heterogeneitgted to differences in metadata
standard; controlled vocabulary contained in an ontologyuide access to federated, geographi-
cally distributed data archives. The CUAHSI-HIS has the teosplete metadata management in
large-scale distributed environment at this moment, It the Earth Science Curator and many
other systems, it is designed to focus on metadata managé&mam single domain, attempts to
introduce cross-domain management have been initiateat tiois moment, it is still at very early
stage and progress thus far is limited.

Z. Kaoudi et al [[33] designed a p2p-based network for storingerying and updating RDF
metadata describing web or grid resources. It is a web seoriented architecture focusing on
describing and accessing service providing nodes. Théetiyas posed by the existence of large-
scale data in the network as well as providing access to sbhpdes hosting these data but also
access to specific data archive within the nodes are not ssketie

As discussed above, scalability and performance are vepgritant factors in the design and
implementation of metadata system in a data-intensiver@mvient. Especially so in modeling

schemes rich in expressive power such as ontology. iRODBleshdederated iCAT since ver-
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sion 1.2 that can distribute load to multiple iIRODS serversnoid bottleneck, thus increasing
performance and scalability. Metadata Catalog Servicgepralid extensive experiment on scal-
ability and performance on query and addition on up to 5 omllinstances with 10 attributes
each deployed on an single node. It did not, however, megsnfermance and scalability of
information-rich metadata which is necessary for domapethdent metadata integration.

Pan et all.[[40] experimented with loading 4,1741 ontolapproximately 45 million triples
into relational database in approximately 15 days. Whigértbxperiment clearly showed ontology
offered the scalability to handle large number of metadaséances needed for peta-scale data
grid, the experiment was not expanded to include perform@éeachmarking on adding, deleting,
modifying and querying metadata stores and what, if necgsseeds to be done to overcome per-
formance bottleneck. Also, their experiments did not teatability and performances on ontology
deployed on multiple geographically distributed nodestiibuted Ontology can increase scalabil-
ity and flexibility, but it also introduces added complea#iof managing the evolution of multiple
ontologies and maintaining consistency because locategpn is often needed for performance
purposes.

A.Maedche and others [38] discussed an integrated frankeivglemented in KAONI[9] for
managing distributed ontology in Semantic Web contextir tiemework adopted the pull ap-
proach for synchronizing ontology and replicas residingddferent nods and evolution log for
updating ontology replicas.

All of the above works have something to contribute to crdssrain distributed metadata man-
agement in collaborative computing environment. Howemene of them adequately addresses
challenges presented by interdisciplinary scientific aese often dealing with hundreds of ter-
abytes or even petabytes of data. in this work, we mainly seedddress cross-domain meta-
data modeling, implementation of cross-domain metadatagtimarking and evaluation of perfor-

mance and scalability for real-world usage.

12



2.2 Semantically-Aware Data Placement

In his dissertatiori [26], Lei Cao proposed to employ sencalifi-aware replication to support edge
service architecture to achieve optimal mix of ConsisteAggilability, Response time and Parti-
tion resilience. Semantic-aware replication (SAR) seek®plicate data based on the awareness
of properties of the replicated data so that further accéssparate replication node or database
service could be minimized. The SAR encapsulate informatito different distributed data ob-
jects based on application requirement so that differguiiaaion strategy could be employed to
replicate data to ensure optimal trade-off among Consigiéivailability, Response time and Par-
tition. In the prototype which encapsulates semantic mftion about an e-commerce system in
the form of distributed objects: catalog, order, user pepfitventory and best-seller. Distributed
object holds both front end interface, business logic a$ asgbackend data. Different replication
strategy is employed to replicate different object, e.@@ tmmany update is required for catalog
object; order object implements the abstraction of thelsingader/multi-writer scenario.

Yu Hua, et al. proposed SmartStore|[31], a new generationstfiltlited semantic-aware file
system that enables range query as well as Top-K query wignowed performances. Instead
of traditional directory-based file system, SmartStoraugsofile metadata into multiple semantic
R-Trees that each represents a "view” of the distributed dathive based on selected metadata
parameters. Metadata represented in R-trees includeqathysid behavior attributes of files such
as access frequency, amount of read and write operatioese(tivo can be grouped together be-
cause they both change frequently) filename, creation tihgy Can be grouped together because
they change infrequently), content-based metadata camo@ed according to their level of cor-
relation, such as metadata about files under the same directold be grouped together because
application is more likely to access file under the same thrgaepeatedly. Because of semantic
locality offered by semantic grouping of metadata in R-Thesed data view, SmartStore limits

searches to a limited scope of semantically related grabps,improving system scalability and
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reducing performance latency. SmartStore also providestion and deletion services so that load
on R-Tree nodes could be managed to ensure efficiency anurpearice.

Hong Tang, et al. adopted Base Scheme [49] in Sorrento, &org@nizing storage cluster,
as data placement and migration strategy to balance I/OCdnddtorage usage among distributed
nodes. Base Scheme allocates storage based on weight ssilgieeal to available storage providers,
weight value of a provide is calculated based on its curremkivad and available resources.
Based on empirical evidence, the storage factor is cakilas$ the logarithm of the ratio between
the available space and the segment size. The load factalcig@ted as the inverse of the current
workload. The system, upon receiving requests for dateept@at, will choose storage provider
randomly so that each storage provider has a chance of belegiesd proportional to its weight.

Muthian Sivathanu, et al. developed [46] semantically+$mizk system that leverages higher
level information from the file systems to provide betterdiionalities and improved performance.
SDS does not change the interface between file system andydigdm, SDC relies on EOF (Ex-
traction of File System) to automatically extract inforioatand layout of file system. Information
extracted includes type of blocks (file, directory, etcgwhmany and which data blocks consti-
tute a file, etc. By exploiting information extracted, thet®m also implemented a few functions
such as secure delete, structural caching and journala@tk not available under traditional disk
system.

Muthian Sivathanu, et al. sought to apply semantically+sistarage technologies to relational
database systenis.[45] Via log-snooping and explicit acstistics, the system gathers up static
and dynamic information about database system to be usead&ylying storage system. Informa-
tion gathered includes block ownership by tables and irsdibck type information (tables, in-
dices) as well as information about various access pattByrisnplementing an optimistic strategy
or a pessimistic strategy, the system deals with observedrdic information with correctness or
performance prioritized respectively. In three case sdhe system implemented three different

semantically-smart storage systems, D-GRAID, , FADED, XYRunderneath database system to
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evaluate if benefits achieved by these semantically-sraege systems could be achieved under
database systems and the cost of such improvements. THes refsow that semantically-smart
storage could be applied to database system with, dependifignctionalities, various levels of
overhead.

Zhichen Xu, et al. proposed a generic data model to capteraedbds of users and applications
of semantic-aware file store.[52] The generic data modgdgsed seeks to be extensible and ca-
pable of handling dynamic evolvement of file store semantid¢s based on Resource Description
Framework (RDF), namely, subject-predicate-object ¢righta model. Metadata described in the
proposed data model includes: file versioning, hierard¢imame space, arbitrary sets of dependen-
cies, associative semantics and context information. &tee mhiodel also exploits RDF capabilities
such as inheritance, namespace, etc to handle changesantioevof metadata schema during its
life time.

Pinar Alper, et al. gave an overview of existing semantid gniddleware in[[17]. It discusses
semantic grid middleware such as S-SRB, GRIMOIRES, SMDOS Sststems examined here were
developed mainly to facilitate resource discovery andussmaccess as well as resource integra-
tion via intelligence application of Semantic Web techmgads such as ontology and reasoning.
There is not sufficient discussion about data placement arrégponding gains in performance.
The paper also examines problems related to high-levellastdeat view of issues and requirement
related to the development of semantically-aware grid ieiddre.

Sharad Agarwa, et al. developed a data placement systeiey[dd] for cloud services that
seeks to decrease inter-datacenter traffic and latencyx@gigng previously unexploited param-
eters such as network bandwidth among data centers, datadgppendency, data sharing, etc.
\olley incorporate an iterative algorithm that analyzegfites containing IP address, call tree (de-
scribing data inter-dependence.), if migration is founbeéavorthwhile, Volley triggers application
specific data migration mechanism. Experiments were cdaduwan log of Microsoft Live Mesh

and Live Messenger services that show significant reduatiorier-data center traffic and latency.
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Current strategies for semantically-aware data placearahteplication include:

1. By analyzing access behavior, data archives are repticatsuch a way that potential users of
data have access to replications that are closer to usersithariginals. Benefit of this approach
is obvious, by exploiting factors that impact data accestopeaance such as network traffic and
topology , data users could be directed to use replicatiandfiers the best performance. On the
other hand, dynamic analysis of access behavior is neededraxt patterns so that strategies and
replications could be updated to reflect the current user@mwent. E.g.[[26]. For example, the
UcOMS project archive is hosted on PetaShare under oneesirgial collection while UcOMS
team is spread throughout LSU Baton Rouge, ULL and Southeiaedsity, each with its own
PetaShare site, it is conceivable that original archiveagéd at each site should be stored at its
local server while a behind-scene service be developedatogae access patterns of different sub-
collections by different UcOMS groups located at differsités so that a behavior profiles could
be in place to facilitate replication, e.g. most frequemdgnotely accessed files in a week should
be replicated to local server, files not frequently accesseahultiple group at different locations
should not be replicated to reduce synchronization overh@ausers could take advantage of the
tagging mechanism in PetaShare’s metadata managemesrndystag the file by its possibility of
being accessed in the future by other groups so that thensysiald be informed to perform the
necessary replications for performance optimization. @uine availability of rule-based system
in PetaShare, it is conceivable that services that recaresadbehavior by different groups could
be developed to provide the necessary profile based on whiehpdacement strategies can be
developed and tweaked. For example, the system can detaatalkections accessed remotely, if
certain threshold were crossed, the data collection in ddnsan be replicated to servers closest
to groups that access it and new data posted into the collectin be placed in serves closest to
where it is most in demand.

2. By exploiting semantic locality, in another word, in esging the fact that users who are ac-

cessing the current data archive are also likely to be istedein accessing data archive of similar
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domains, data archives of similar domains can be place@ ¢tosach other to optimize perfor-
mance of repeated access. This approach can potentiallpwephe performance of repeated
accesses, if applied to replications, synchronizatiomtmed could be limited to only part of the
system and potentially be reduced. Again, to successfuptement this strategy, dynamic anal-
ysis of accessing pattern as well as semantic relations gqmifierent data archives are needed.
[31] and [43] implement this approach. The key to this appoéike the previous one, is to build
up views of the data archive, how to determine if two archiwesub-archives are related, and
to what degree they are related, this could be achieved bgrabg access pattern over a period
so that factors such as if files were uploaded to the samectiolhs, if two sub-collections share
same keywords, etc. are collected so that a dynamicallytapldagraph/ontology could be built
up containing the semantic relations observed with regamhe particular archive, future data
placement and replication could be determined by perfagraim analysis of the graph/ontology.
User groups can also be given direct access to this gragthdgytso that they could directly put
metadata terms and relations related to archive into itdturé consideration in data placement
and replication. Datasets on hurricanes such as hurricafetaShare and datasets that might be
considered incoming hurricanes impacting, such as thepdilllection on PetaShare can take
advantage of placement strategies based on semantiadyocali

3.By exploiting hardware information such as availablenoek bandwidth, 1/0O bandwidth,
available resources, etc. data could be placed and regli¢atbalance volume of usage and re-
sources available, thus improving performance and ingrgalsroughput.[[26] and [49] implement
this strategy. Just like the previous two approaches, gpsaach depends heavily on acquiring the
right information and dynamically adjust data placemert @plication. Key effort include acqui-
sition of metadata information and more importantly, howrtake the decision regarding actions
need to be taken to facilitate improved performance anditjirput.

4. Overall, to design and implement semantically-awara g&icement and replication, meta-

data about the system such as physical topology, networéividdth, 1/0 bandwidth as well as
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semantic metadata about data archives need to be colleuezhalyzed dynamically to produce
a overall view of the systent, [31] organizes metadata intosseic R-Trees while others such as
[52] model context and content metadata with RDF.

To test different strategies, a controlled experimentalrenment with controlled sets of data
collections from controlled set of domains should be setaugest various access behaviors and
corresponding placement strategies, such as:

1. If disk and bandwidth resources were sufficient, it is ddse to place data on server local to
the institution hosting the research project.

2. If data collection were accessed by multiple groups thktrig to the same discipline, depend-
ing on access behavior (if one particular group access tiaecddection frequently or infrequently,
the former may warrant a replication job to be performed stk latter may not.) and available
resources, certain part of the data collection should becegpd to servers closest to these groups.

3. If two collaborating group opt to share data, relationsudth be established either by these
group or by system itself in the relation group/tree/ongglavhich will be consulted by the system
periodically for dynamically adjusting data placement agplication strategies, upon sensing the
existence of relations among groups, changes to the defategies can be implemented, for
example, data posted by these group could be placed on #spiective local servers and server
local to their respective collaborating partner.

4.1f profile of the system, in term of available resources aetivork bandwidth, for example, a
server goes down, or resources on the server becomes sedccehanges, another set of place-
ment and replication strategies should be put in place tbwli¢la it, for example, certain rarely
accessed data can be replicated to other servers to fresayces for new data from local group,
or replications of remote resources can be deleted, etc.

5.1f certain data collection were accessed by groups oéwfit domains frequently, relations
could be automatically added so that data placement sieatégm 3 could be performed, e.g. if

the cross-group/discipline access were two way, data fratmdgroups should be placed on servers
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local to both groups; or data from the group being accessqudoed on servers local to group
accessing these data.

Above are some some of the scenarios that could potentetly advantage of semantically-
aware data placement and replication to improve performaascthey show, different strategies are
available for different scenarios and successful impleatern largely depends on the acquisition
of semantic metadata information on hardware contexturesavailability, access behavior, users
profile. Depending on the frequency of change, these metadat either be developed, hard-
coded and changed periodically to reflect changes or beldpudiynamically by observing system

behavior during a period.
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Chapter 3
Overview of Key Technologies

In this section, | will present a brief overview of key teclogies employed in my research . Meta-
data modeling schemes such as ontology, OWL, an ontologgsepting languagé [11], Sparq|
[14], an ontology query language and Protege [12], an ogjotievelopment tool are covered. We
also give a brief introduction to function and applicatidnRODS [42] and iCAT. PetaShare, the
principle data-intensive distributed infrastructuretioe testing and integrating our research work,

is also discussed.

3.1 PetaShare

PetaShare [19] is a state-level data sharing cyber-imératstre effort in Louisiana. It aims to en-
able collaborative data-intensive research in differpptiaation areas such as coastal and environ-
mental modeling, geospatial analysis, bioinformaticsglized imaging, fluid dynamics, petroleum
engineering, numerical relativity, and high energy physkRetaShare manages the low-level dis-
tributed data handling issues, such as data migrationicegjgin, data coherence, and metadata
management, so that the domain scientists can focus ondiweiresearch and the content of
the data rather than how to manage it. Currently, there arensBetaShare sites online across
Louisiana: Louisiana State University, University of Newl€ans, University of Louisiana at
Lafayette, Tulane University, Louisiana State Universttgalth Science Center at New Orleans,
Louisiana Tech University, and Louisiana State UniverSityeveport. They are connected to each
other via 40Gb/s optical network, called LONI (Louisianatioal Network Initiative). In total,
PetaShare manages 250TB of disk storage and 400TB of tapgston these sites. PetaShare is
a data-aware resource management system. In light of siogeaize of scientific datasets, ser-
vices such as data-aware scheduler, Stork [35], resoucz@tbn, workflow planner and manager
are included in PetaShare to facilitate efficient and effeaiata access. At each PetaShare site,
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an iIRODS server is deployed, which manages the data on tbalfispsite. Each iRODS server
communicates with a central iCAT server that provides a eahifiame space across all PetaShare
sites. The clients can access PetaShare servers via tfegertiinterfaces: petashell, petafs, and
pcommands. These interfaces allow the injection of dataabbpetadata information (i.e. any
keywords describing files in datasets) to iCAT managed dbjacb metadata store whenever a
new file is uploaded to any of the PetaShare sites. The physiedata information (i.e. file
size and location information) is inserted to iCAT using tR®DS API. As part of the PetaShare
project, works described in this dissertation enable aras¢ically-enabled metadata management
and query system. It provides an extendable metadata frarkeWat gives a unified view over
multidisciplinary datasets; The system also providesdastefficient metadata query services for

physically and conceptually distributed data set of petdes

3.2 Ontology and Metadata

Metadata refers to information about data itself, oftenraficolloquially as “data about data”.
For data intensive computing, a well-defined and well-immated metadata system is essential
for scientists to access large datasets distributed adifiesent physical locations and multiple
scientific domains. In the context of computer science, ftenccited definition for ontology is:
“ontology is a specification of conceptualization” [30] . ©Ology is a model that explicitly rep-
resents a set of concepts within a domain and the relatipasithong these concepis [30]. One
common use case is the Gene Ontolagy [29] in which a strutneqgresentation of gene functions
is used in a uniform way to be queried across different datehaA controlled vocabulary is pro-
vided by analyzing the semantic structure of the data andithplementing a uniform representa-
tion of metadata information. Based on description logi @tology describes the concepts and
relations in given domains. It often consists of taxonomeérdrchies of classes, relations among
these classes and individuals that belong to one or moreesétblasses. Comparing to traditional
modeling scheme, the main advantages of ontology include:

1. Ontology is theoretically logic-based. As result, auatiminference is supported.
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2. Ontology allows relations among concepts to be definedrarity, as a result, expressive
power is greatly enhanced. At the same time, ontology shiintains computational decidability.

Ontology modeling has the potential to greatly benefit ddierdata management.

3.3 OWL, Protege, Jena and Sparg|l

Since the emergence of ontology as a modeling scheme ofigteegst to Computer Science re-
searchers, various research teams have developed sevelaby representing languages such as
SHOE [13], DAML-ONT [5], OWL. Among them, OWL is developed @mpromoted by World
Wide Web Consortium (W3C) as standard language to represénibgy. OWL provides rich sets
of axioms that can be used by developers to model conceptsetatibns of targeted domains.
OWL has three sub-languages: OWL Lite, OWL DL and OWL FullcEkaub-language is tailored
to meet demands on expressive power and decidability ieréifit application areas. Sparigl[14]
is a recommended query language developed by W3C for quepntology-based knowledge
stores. Spargl employs SQL-like syntax and supports guekeoss diverse data sources. Sparq|
supports extensible testing of parameter constraint andeatarn result as either list style result
set or ontology files. Developed by HP Labs Semantic Web Brogdenal[l]is a Java program-
ming framework for building, modifying, querying ontologiena framework includes OWL API,
in-memory and persistent storage support and Spargl qugiipe and is widely used to develop
ontology applications. Jena is also adapted by other ogyatmodeling tools such as Protege as
basis of development API. Protege is developed by Stanfemtet for Biomedical Informatics
Research as a free, open-source graphic developmentrpidido domain modeling with ontol-
ogy and development of ontology applications. It includegaphic ontology development tool
for domain-modeling and a set of Jena-based APIs for theloj@veent of ontology applications.
PetaShare’s cross-domain metadata management systeimasilyrdeveloped with Protege, its

guery system made extensive use of Jena-based Protege dBpargl query languages.
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3.4 IRODS

IRODS (Integrated Rule-Oriented Data System) is a openesalata grid system developed at San
Diego Super Computing Center. iROBS is a follow-up systethéovidely deployed, also SDSC-
developed SRB (Storage Resource Broker) [20] data gridvaoét iRODS provides a unified
namespace to geographically distributed storage systenetJRODS management, distributed
storage system such as those under PetaShare managenhenesaht itself to users and appli-
cations as a single virtual file system. This virtual file systwould manage storage size equaling
accumulated size of storage of all 7 PetaShare sites. iR@QEGdes several modules, those used
in PetaShare are listed below:

1.iIRODS sever are installed on all seven PetaShare siggsath responsible for managing local
storages (data storage, data movement, data replicaéitm)sexecuting commands from clients
and handling communication.

2. ICAT (IRODS Metadata Catalog) is the metadata system GfR. It is responsible for
all metadata related activities in iRODS. Inside iCAT, thare system-defined metadata, mainly
related to physical attributes of files and other data @stitusers can also make use of iRODS
command “imeta” to add metadata arbitrarily defined by us€AT is fast and efficient, but
lacks the expressive power of ontology-based system. Otieeahain focus of our research is the
integration of elements of ontology-based cross-domaiadata system with data object metadata
system we implemented that mainly based on iCAT.

3. iCommand is a set of unix-like commands provided by iRODS&elp users access storage
managed by iRODS servers. Most of the common functional#iieeh as listing, creation, deletion
and copying of files and other data entities in Unix file sysieimplemented in iRODS. Among
all the commands, “imeta” is provided for access to ICAT. @ata object metadata system is

based on a modified version of imeta.
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Chapter 4

Semantically-Aware Data Discovery and Placement
Model

Fundamentally speaking, the problem this dissertatioreekisg to address can be viewed as
the introduction of interoperability into collaborativatd management system via cross-domain
metadata, in particular, this dissertation seeks to lgeecaoss-domain metadata to address issues
of data discovery and placement in collaborative data mamagt.

But how do we transform the above definition of problem inteetcf measurable parameters
that can be benchmarked and evaluated in practice? To datthetrough overview of key system

parameters is needed.

4.1 Semantically-Aware Data Discovery

In practice, introducing interoperability into data digeoy requires the creation of a cross-domain
metadata management system which needs to take into coatgddollowing factors:

F(M,1,S)

Here, M, |, S each represents certain aspect of metadatage@meat: M denotes metadata
schema; | represents implementation; S factors in perfocenand scalability. Most important
parameters relevant to the overall quality of the systenidcba categorized into M, | or S. We
will explain in detail and discuss the parameters we choosaddel the system as well as the
relations among the parameters.

In above function, variable M denotes actual metadata usdéddcribe domains, simulation as
well as data archives: name of file, name of domain, file ext@ngactors pertinent to an sim-
ulation, etc. It is the most basic element in metadata manage namely, the vocabulary and
terminology used for description. M can be further dividetbithe following components:

Physical attribute metadataMp, such as name of file, file extension, etc are simple to describ
and often unambiguous in its meaning. It also has littleadirelationship to the domain the data

24



entity belongs to. In another word, physical metadata isrofhdependent of domain, it can be
captured with a relatively small set of metadata terms argahin flat structure, and every data
entity should be uniquely described by this level of metadat

Direct content-dependent metadataM, such as keyword related to the actual content of the
data entity is almost boundless if no constraint were imgo$ais kind of metadata is content-
dependent but not necessarily domain-dependent as sitailas could be utilized to describe
object in different domains. As almost all of the data eesitheed a brief description regarding its
content, the description should be kept very concise, one wptimal, to reduce potential extra
overhead.

Domain and cross-domain metadatdMy, obviously, this kind of metadata is domain-dependent,
on the other hand, it also usually has no direct relationgitip the data entities in storage, which
means that this level of metadata could be assigned the fas&naling, in an structured way,
describing terms, relationships in academic domains asaseklationships needed for mapping
terms existed in different domains for the purpose of cdm$rain access. And it should not be
too detail-oriented so avoid dwelling on too much detailsenelevant to actual data entity.

In previous mentioned formula, variable | denotes actupl@mentation of metadata schemain
a collaborative distributed environment. Factors canma#y impact decisions made regarding
implementation include:

Level of distribution Iq, as distributed system is often easier to upgrade and scale.

Implementation compatibility I, sometimes, the difficulty and sacrifice in performance and
scalability required can be factor in scuttling prefernegbiementation strategy.

S denotes the overall quality of the system. To determint&nsive performance and scala-
bility benchmarking need to be conducted. The benchmartesiwill involve (§,51, &, S, &),
which represents key performance and scalability bendksniara good metadata management

system. Represented benchmarks are:
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As discussed above, the main goal of this dissertation isith@duction of interoperability into
collaborative system via the leveraging of cross-domaitadeta system to help data discovery as
well as data placement. According to abstract model of nagtaslystem provided above, perfor-
mance could be measured by benchmarking key performatatedesystem operations, based on
the abstract model, we use the following parameters andaaétr measure system performance:

Metadata insertion performance S, we will use triple/second to measure insertion perfor-
mance.

Metadata modification performance Sy, we will use triple/second to measure modification
performance.

Metadata query performance §;, we will use query/second to measure query performance.
Scalability mainly involves the ability of the system to exyl further without seriously com-
promising performance. According to the abstract systemahahere are three level of metadata
schema available in the system, in actual implementati@nfitst two levels of metadata schema
will be described by lower level triple-based data modelleithie domain and cross-domain meta-
data will be described by higher level ontology-based davaeh For the lower level metadata
schema, because it is mainly utilized to describe actual-dbject available in the system, whose
number can easily run up to multi-millions, which can sesiguest the system'’s ability to effec-
tively store, access and query these many triples, as &,resuill use the following parameter

to measure scalability on this level.

Data-object metadata scalabilityS,, the number of triples available throughout the system, in
another word, triple/system will be used to measure dajaebimetadata scalability.

On the other hand, the higher level domain and cross-dometadata schema do not describe
actual data object in the system, it is mainly used to desdhle domains involved as well as
establishing relations among related terms in differemhains. Scalability here concerns more
about the ability of the system to handle domain-wise exiparrather than pure increase of size of

metadata schema. Due to the complexities of ontology mougkase in cross-domain metadata,
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in another word, increase in ontology can seriously impaetaverall performance of the system
as ontology query generally takes longer than more basabdate query.

Domain and cross-domain metadata scalability&;, scalability on this level mainly concerns
the ability of the system to scale up to include and integraiee science domains without increas-
ing cross-domain ontology to such a size that it serioustyaldes system performance.

In sum, metadata management system in collaborative emagat can be abstracted into the

following description:

F[(Mp,Mc,Mq), (Ig,1¢), (S, , Sm, Sy, S0, )]

4.2 Semantically-Aware Data Placement

For data placement strategy, interoperability means égieg knowledge garnered from metadata
management system as well as information about currentonkteonditions and available stor-
age to intelligently place semantically-related datas&iser to their potential users. Assuming
semantic-relation has been detected and establishedvilbpséy discussed data discovery phase,
the two factors impacting data placement strategy in aidig&d collaborative environment are:

Network throughput Sj, hereS;j represents network throughput from node i to node j and node
i to node j are two nodes containing semantically-relatadsids.

Available disk space on node Dj, hereD; represents disk space made available by node i for
data placement for other non-local datasets.

The goal of the dissertation regarding data placement Bvierbge metadata system mentioned
above to intelligently place datasets to take advantagalibee two factors so that better perfor-
mance for data access among semantically-related datasgtsbe yielded.

For data placement, the problem this thesis seeks to addréssfor datasets semantically-
related to users of node |, achiel\/e‘n(g—ﬁ + g—j"; ...... gj—,"g), here node j1 to jm represent candidate

nodes chosen for data placement, ordered by preferenaaildlle space on nodd had enough

disk space for placing dataset semantically-related tosuse node i.j1 would be chosen as the
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sole data placement node. If not, node j2, |3, |3, to jm woddhosen accordingly until all related

dataset were placed.
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Chapter 5
Methodology

For data discovery, the key objective is to achieve croseailio data access in metadata man-
agement, to achieve “cross-domain” in metadata managemany meaningful sense, extensive
amount of communication needs to be conducted with domagmtsts to assess and evaluate
the practicality of establishing conceptual and/or semdimks between different domains. For
domains that can be linked together, metadata schema sheuddveloped in various encoding
formats to accommodate different requirement in diffei@ritext. For example, overly compli-
cated metadata modeling is not practical in the contextrgeladistributed datasets, while scien-
tists need some kind of controlled vocabulary to guide therough the query process, especially
if they were trying to access data of another domain. As dtiese need to develop a higher level
metadata vocabulary that is not dependent on any specifiemgntation. The current metadata
vocabulary we have include four specific science domainsanlgave implemented it in ontology
format, with it in place, the ontology can serve as contrbltecabulary to guide users through the
guery process. We also plan to implement the vocabulary athan, less complicated, closer to
infrastructure, format to enable more detailed and direcess. Finally, tests need to be done to
thoroughly evaluate the performance and scalability ofsystem.

For data placement, the key objective is to place datasatsith semantically-related, as deter-
mined by cross-domain metadata management system, aasach other physically so that local-
ity could be maximumly exploited to reduce overhead invdliretransferring datasets among ge-
ographically distributed storage nodes. We will identigykactors needed for semantically-aware

data placement, experimenting with different algorithmd eonducting performance benchmark-

ing.
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5.1 Metadata Schema

We first design a high level metadata vocabulary that covelltpte domains. The domains cov-
ered in our current design include:

Coastal Science and Hurricane Predicatjospecifically, datasets generated by the SCOOP
project.

Numerical Relativity and Astrophysicgecifically, datasets generated by the NumRel project.

Petroleum Engineeringpecifically, datasets generated by the UCoMS project.

Scientific Visualizatioyspecifically, visualized files generated from DMA project.

The metadata schema can be roughly separated into thretlisvels:

Data object metadata schenraetadata that describes attributes of the data object@mterat
of data object.

Domain controlled vocabularyjogical relations among terms in domain controlled vodaityu
such as equal, subsume, subsumed-by.

Cross-domain concepts mappijriggh-level terminology mapping out the overall specificat

of conceptualization in domains involved.

5.2 Multiple Implementation for Multiple Needs and
Environments

Our experiments on current implemented systems indicateetincoding over-complicated meta-
data to the level of individual file will entail severe degatidn of performance and scalability. As
a result, multiple implementations of the metadata voatyujeared toward addressing different
concerns of different environments should be developedsare acceptable performance. Differ-
ent level of details and cross-domain connectivity coresiing to the needs and requirement of
different implementations should be discussed to strikerigjht balance between expressiveness
and usableness. By implementing metadata managementnsiystelayered approach similar in
concept to traditional memory hierarchy, as illustrate&igure[5.1, we seek to establish a meta-

data hierarchy in the system so that different level of mat@duery could be handled by different
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FIGURE 5.1 Metadata Hierarchy

layers in the metadata hierarchy. We currently envisionlayers of metadata in the implementa-
tion of metadata hierarchy:

Domain and cross-domain metadata accesplemented in ontology format, this implementa-
tion should mainly cover with domain-level metadata thatsed to describe the domain itself.
Expression of logical relations that establishes con@ptlationships among terms used to de-
scribe domains should also be implemented at this level.gom@nts cross-domain metadata store
and domain metadata store in Figlrel 5.2 illustrate the rotlbmain and cross-domain metadata
played in the overall metadata management architecture.

Data Object metadata accessplementation that encodes individual files and folderthwec-
essary metadata informations for more precise accessa@ddtive, this implementation empha-
sizes lower level description of metadata information eedr individual or small batched access
of data archives. Component federated data-object matattae in Figure 512 illustrates the role

of data object-level metadata played in the overall metanetnagement architecture.

5.3 Performance Evaluation
For the last stage, we will conduct thorough and systemasitiig on parameters identified in

previous section to evaluate the performance and scajabili
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5.4 Semantically-Aware Data Placement

Traditionally, data placement algorithms, whether as pafile systems in operation systems, or
as part of distributed system, only leverage propertiesatd dile itself and hardware storages,
e.g. size of files and size of pages on hardware. Without gatdvantage of semantic informa-
tion concerning the content and context of data, traditioiaga placement algorithms could po-
tentially introduce unnecessary overhead in a distribat#ldborative computing environment as
in modern collaborative research environment, the impogaof semantic locality often requires
placing datasets with awareness of semantical closenesghéy factor to be considered is net-
work conditions such as network traffic and network throughgs intelligent data placement of
semantically related datasets need to be aware of the prifaetors impacting efficient access
of data on remote storage, in another word, close semanétiomship requires dataset to be
intelligently placed so that physical closeness amongseé#tanatches their respective semantic
closeness. Good semantically-aware data placementihligerneed to take into consideration the

following factors:
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1. Semantical relationship among terms used to tag data&etdiscussed in previous sec-
tion regarding data discovery using semantically-wareaatega, this relationship can be explicitly
marked by researchers; and be generated based on logiairgaaatomatically by machines. For
the sake of simplification, we chose metadata standards\WaQX (Water Quality eXchange) and
National Water Information System (NWIS) used by EnvironmtaéProtection Agency (EPA), US
Geological Survey (USGS) respectively to tag hydrologi@dmllected by these agencies.

2.Physical closeness information among different nodeth@fdistributed system, in our ex-
periments, we primarily measure network throughput in dietasfer rate per second as well as
available storage on different nodes. The idea is to meadbkese parameters periodically, then
create an set of candidate nodes upon which semanticédifededatasets are to be placed so that
physical distance among dataset could be closely matclbditoespective semantic relationship,

thus reducing the overhead for semantically-related ggdoaccess each other’s datasets.
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Chapter 6
Semantically-Aware Data Discovery

6.1 Cross-Domain Metadata Schema

We have developed a ontology consists of metadata abouaddties from four science projects
in Center for Computation& Technology (CCT), they are SCON&mrel, DMA and UCoMS
archives. The structure of this ontology follows a gen¢évaspecific conceptualization with gen-
eral concepts such as File, Archive serves as common cancepihecting metadata belonging to
different science projects.

Currently, our ontology-based cross-domain metadatasal@corporates domain-independent,
domain-dependent and provenance metadata of four scieineesd coastal hazard protection
(SCOOP)[[15], reservoir uncertainty analysis (UCoNMS) [H]merical relativity (NumRel) [16]
as well as scientific visualization (Digital Media Archiv®MA) at Center for Computation and
Technology, LSU. The following are brief introductions éietfour current guiding application
scenarios:

Coastal Modeling - SCOOP Archive.The SURA Coastal Ocean Observing and Prediction
(SCOOP) program is building a modeling and observation eyifeastructure to provide new
enabling tools for a virtual community of coastal researsh&wo goals of the project are to enable
effective and rapid fusion of observed oceanographic dataramerical models and to facilitate
the rapid dissemination of information to operationalestific, and public or private users [37].
As part of the SCOOP program, the team at LSU has built an\adbi store simulation and
observational data sets. Currently the archive contamsat 300,000 data files with a total size of
around 7 Terabytes. Three main types of data files are heleiarchive: wind files; surge (water

height) files; and data model files. The basic metadata irdtom for these files are: the file type,

1Reprinted by permission of “International Journal of GridiaJtility Computing”, published by Inderscience Publishe
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NumRel_Archive

FIGURE 6.1 Cross-Domain Metadata Schema

the model used to generate the file, the institution wherdilhevas generated, the starting and
ending date for the data, and other model related informatio

Astrophysics - NumRel Archive The Numerical Relativity group at LSU is building an archive
of simulation data generated by black hole models. One ofrtbvations is to analyze exper-
imental data from gravitational wave detectors such as LIGKese simulations are typical of
many other science and engineering applications using fadment or finite difference methods
to solve systems of partial difference equations. The stias often take many CPU hours on
large supercomputers and generate huge volumes of dataia®®packages such as Cacfus [28]

enables scientists to develop their code in a modular faskiach numerical library in the package
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defines a set of attribute names which can be used as codtwaéabulary. The attribute names
could describe input parameters or computation flags. Sifonnation is crucial for user’s later
retrieval.

Petroleum Engineering - UCoMS Archive.Reservoir simulations in petroleum engineering
are used to predict oil reservoir performance. This ofteuires parameter sweeping, where large
numbers (thousands) or runs are performed.

In this scenario, users need to provide the initial rangeapdmeter settings. In such a setting,
the important metadata can be expressed as follows: paamahe; the range of the parameter
in the simulation; the particular parameter value whictetsfar the run.

Visualization - DMA Archive. Scientific data, after being generated by simulations, fitede
further analyzed. One important tool to help scientistdgsalization. The Digital Media Archive
(DMA) at CCT is being built to store the resulting images freaentific visualization, along with
other media such as movies, sound tracks, and associatechatfon. Visualization metadata can
be fairly simple: Image Name, Image Size, Image Width, Imdggght, and File Format.

As evidenced by the projects involved, our metadata schemartly covers multiple scientific
domains. Metadata described in our metadata schema spaple siomain-independent metadata
such as file type (txt, jpg, png, etc.), location (physicailbon or logical location) and file size,
domain-dependent metadata such as different observat®GOOP (SURGE, WIND or Trans),
drilling and reservoir metadata in UCoMS, as well as promeeranetadata that describes the steps
involved in the generation of data file. We also map files fraffedent domains via content-
describing metadata such as the mapping of hurricane aigandata from SCOOP to data visu-
alization produced by DMA. Our metadata schema is modeledasonomy of classes, instances
and properties connected through relations such as swf@flasquivalent-to and disjoint-with.
Figure[6.1 describes the classes, properties and relai@ikble in our current schema for the

description of aforementioned science domains.
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Another advantage our metadata schema holds over traalitiogtadata schema is its potential
logical reasoning capability thanks to strong logic foulmmtaupon which ontology is based. Being
able to perform logical reasoning on ontology not only pdes domain experts and system devel-
opers with a necessary tool to check and verify logical &iaacy, but also increases scalability.
In our system, we choose SWRL [48], submitted by the Nati®edearch Council of Canada,
Network Inference and Stanford University, to represegtdal constraint metadata schema has
to follow. SWRL provides a high-level abstract syntax forrhktike rules in OWL DL and OWL

Lite.

Rulel: S5COOP _File{Tx) a Name(?x,?y) A swrib: startsWith(?y," 8"y —— SurgeExisted(? x true)
RuleZ : SCOOP _File(Tx) a Name(? x, 7y} s swrib: startsWith(?y,"W" y——WindExisted(? x, false)

Rule3: SurgeExisted(? x,true) » WindExisted(? v, failse) a Name(? x,72) a Name(Ty,7r) o swrib : contains(? 2.7 r)——isValid(? x,true)

FIGURE 6.2 Rules for logical inference in Ontology

In our current implementation, there are several scenandsr which logical inference will be
needed to ensure the consistency of the ontology. For iostamthe SCOOP ontology, each in-
stance of a surge file requires a corresponding wind file torerits validity. According to the nam-
ing convention agreed upon by participants of the SCOORptahe name of the surge file begins
with ”S”; and name of the wind file begins with "W”. At the sammg, the file name of the surge
file contains the file name of its corresponding wind file. Baraple, if there is a surge file named
SWW3LLFNBIO.WANAFe01-UFL 20050825T00020050826T13020050826T130A2hsT272Z.1xt,
the name of its corresponding wind file would be WANAFe01-UF2050825T00020050826T13020050826
T272Z.txt. The three SWRL rules shown in were written in Figur2,6ipon processing by ontol-
ogy reasoner, will be used to check the validity of surge filess ensuring the logical consistency

of the SCOOP ontology.

6.2 Semantically-Aware Metadata System
Currently, we have implemented two metadata managemenmjugaTgl systems in based on Protege

[12] and iRODS respectively.
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As the current de facto standard of ontology design, Propegeides a complete set of tools
in support of the design and implementation of ontologyeblasystems. But the complex nature
of ontology and the implementation of Protege turn out to rieequate to provide sufficient
performance.

IRODS, on the other hand, provides its own native metadatesy, but the triple-based meta-
data representation is not powerful enough to satisfy tee fier cross-domain metadata manage-
ment.

Both systems provide some unique advantages the othensgateently does not support while
at the same time, both systems turn out to be inadequate @n fotimts. Based on the model
introduced in Chapter 5, two layers of metadata managenysi¢ras are developed to handle
cross-domain and data object metadata management reshe®rotege is chosen as the platform
upon which ontology-based cross-domain metadata scheleeimged to provide cross-domain
data discovery capabilities while iRODS is chosen as th#qrta where data object metadata is

used to provide fine-grain query capabilties to the system.

6.2.1 Cross-Domain Metadata Management
The reason we chose to implement the upper layer of our ntetagistem based on Protege-API
and Protege-based database back-end is to take advanttge s#Fmantic expressive power of
ontology. As the de facto standard for ontology design,&y@supports almost all the W3C stan-
dards and provides support for the whole range of ontolotatee functionalities, from graphic
ontology design interface to built-in reasoner all the waphtology serialization into relational
database, which make Protege and Protege-related tegesbmod candidates for implementing
an semantic enabled cross-domain metadata system.

As shown in Figuré 613, two different interfaces are avddab our system. They are browser-
based and command-line-based respectively. The purpds®wter-based metadata interface is
to provide an easy-to-use, easy-to-understand methodcetacso that scientists can query and

obtain small numbers of experimental files across multipleains, while command-line-based
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interface can be combined with scripts and other programronls so that more flexible, more

powerful access to bulk files is also available in our system.
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FIGURE 6.3 Cross-Domain Metadata Management System

The core of our system are Protege Query Parser and Semagtticidda Store. Protege Query
Parser is implemented to parse queries entered by useiSpatgl [14] queries understandable to
Protege query engine. In Semantic Metadata Store, metdeftéions in the forms of ontological
classes and ontological instances are stored. Proteffeoitseides two ways of storing ontology:
file-based and relational database-based. The first agpessentially stores ontological classes
and instance definitions to text file, although it is easieintiplement and access file-based on-
tology, our experiment showed that file-based ontology a#rsoale to satisfy the data intensive
requirements of modern collaborative science, attempitssirt metadata instances in excess of
ten thousands resulted in insufficient memory error. Evengh increase of physical memory size

can partially alleviate this problem, the fact that Javauat Machine places limit on the amount
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of physical memory it can handle means text-based ontolagynot scale as much as we want.
Another problem is it often takes more than a dozen hoursad text-based ontology with more

than ten thousands instances into memory. The causes dililnefto scale include:

1. The amount of memory required exceeds the maximum menmaylava Virtual Machine

is capable of handling.

2. System is saddled with too high a performance overheadessull of large numbers of file

accesses.

To overcome the above mentioned problems, we decided toaihkantage of the second ap-
proach and store our ontology in regular relational datedgas our system, we chose MySQL as
the back end database in which all cross-domain metadasiaaesl in ontological form.

Another part of our system is called Metadata-insertioarface. It is a Java-based command-
line program that can be utilized, with the help of scriptgaages such as perl, to automatically
insert metadata about newly created experiment files.

For example, in large science science experiments, whexpamiment file is created, metadata-
insertion interface can be triggered to automatically guat@priate metadata information, such as
name, keyword, time of creation, file type, etc, into Sentaktétadata Store. The system admin-
istrator can also choose to do bulk-inserting, as of now, axelsuccessfully inserted metadata
about more than 1 million files.

Cross-Domain Metadata System offers support for ontolmgged metadata query, ontology-
based automatic metadata insertion, as well as ontologgebfile access through both browser
and command-line interfaces.

One typical use scenario is:

Assuming a meteorologist needs some monitoring data oniddne Katrina’s path of move-
ment, he also would like to see visualized pictures of theitoadng data. In real life, raw mon-
itoring and visualized data could belong to different peojelifferent projects may have differ-
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FIGURE 6.4 Cross-domain query result

ent vocabulary for describing data. The use of ontology ios€fDomain Metadata Management
system can bridge the semantic differences that may exishgrdifferent science projects. We

assume here that raw and visualized data belong to differefects. In this use scenario, on our

FIGURE 6.5 Data fetched from Distributed Storage

system, the meteorologist could simply open his web browsehe specific command-line in-
terface. Here we assume he chooses the web browser route’Rgfrina“ into the search box,
and press the search button. Straight arrow in Figure 6 @shiee data flow of his query. Cross-
Domain Metadata Management System will then search itsdatgdatore and return a list of files

from both projects it thinks are related to Hurricane Karias indicated in Figufe 6.3 by dotted
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arrows. Then the meteorologist can simply click whatever tié wants to obtain, the metadata
system will send out request to actual storage of these @ilest¢h the file back into the machine
of the meteorologist. Figufe 6.4 and Figlrel 6.5 illustraterg result and file fetched back from
remote storage respectively in our currently implemeatatTypical workflow involved in query

operation is illustrated in Figufe 6.6.
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FIGURE 6.6 Workflow in Cross-Domain Metadata Management System

The biggest advantage for Cross-Domain Metadata Manage8ystem is the establishment
of a unified view of scientific data across different scienageqets or even different science disci-
plines. A unified data view can enable scientists to accdsdiaem multiple projects from multiple
disciplines, regardless of the differences in vocabul@nch data view is critical in modern, in-
creasingly cross-disciplinary collaborative science.

Shortcoming of Cross-Domain Metadata Management Systeleady illustrated in Figure 613.
Basically, in exchange for the expressive power of ontglegy have to build another metadata
system independent of the iCAT [42] metadata system useBOPE to provide fine-grain data
object metadata management. Doubtlessly, the extra seé@idata and everything related to its

management add overhead to overall performance of ovgstéi®. Also almost the entire set of
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technologies we employed to implement the system is Jaseehavhich introduces more overhead

to performance and more complications to achieve maximwaiabiity.

6.2.2 Data Object Metadata Management System

Unlike Cross-Domain Metadata Management System basedtotogy, iRODS-based Data Ob-
ject Metadata System does not support a richly represeastheme, namely ontology, like Cross-
Domain Metadata Management System does. On the other RO@S and its corresponding
iICAT metadata system serve as the backbone of our systemrésili, metadata system based
on iRODS and iCAT is naturally integrated seamlessly. Alsdike ontology technology which is
Java-based and was originally designed for Semantic Wehlitie prior consideration for perfor-
mance, IRODS and its corresponding metadata system iCA& designed with the requirements

of data-intensive computing in mind. Better performanaeloa achieved as a result.
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Storage

Lsus
iRODS

IRODS
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Petadata ICAT Server
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Query Result
File
Flow

PetaShare Clients Loni Network
(Commandling) —

FIGURE 6.7 IRODS-based Data Object Metadata System

As Figure[6.V shows, the framework of iRODS-based Data @bjetadata System is far sim-
pler. Only one extra layer of system is added to the existRQDS-based distributed storage.

Clients have been developed to parse and remote-execubesy@lRODS commands. One such
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command is “imeta”, which is used for inserting and accegsietadata stored in iCAT. Detailed
documentation for imeta can be seeri at [42].

Command “imeta” can be used to insert metadata about iROBS @bllections, resources and
users in the form of Attribute-Value-Unit triples (AVUs) Bause iCAT also employs relational
database as back end storage and the fact that iICAT dealsnstddata far less expressive than
ontology does, we expect it to be able to be at least as seadabdntology-based Cross-Domain
Metadata Management System. Our experiment indicateBXA@tcan easily handle file metadata
in the order of millions of files. In current implementatimgmmand “imeta” can only insert
metadata one AVU at a time. To expand its functionalities,imvplemented another version of
command “imeta” that supports bulk-insertion function &mto the one provided by Metadata-
insertion interface in Cross-Domain Metadata Managemgstesn.

In IRODS-based Data Object Metadata System, a typical quaeyation would be users typing
in what they want to query as parameters of command “imetaieta” will do the query and
return a list of files, users then can use other iIRODS commsungisorted by clients to access the

files needed to be accessed. Fidguré 6.8 illustrates the \warkfl

> Formulate Query Rehm:q Ei: ;:
crecu cueron | | Ete Qe
Metadata Store ssliaibon
Return Query .
Result . Furrnu]aaeuﬁle
(Plain Text) fiRess Uty

FIGURE 6.8 Workflow in iRODS-based Data Object Metadata System
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Chapter 7

Cross-Domain Data Discovery Performance and
Scalability Evaluation*

We have done performance and scalability benchmarkingags$cbomain Metadata Management
System we built. The performance and scalability experisiare based on SCOOP data archive.
The purpose of the SCOOP project is to promote the effectide@pid fusion of observed oceano-
graphic data with numerical models and to facilitate thedassemination of information to op-
erational, scientific, and public or private usérs|[37]. Tport SCOOP applications, the team
at LSU built a SCOOP archive which stores the related data €rirrently it contains around
300,000 data files with a total size of around 7 Terabytes.

As discussed and illustrated in previous chapters, the &yerlof metadata systems we built
offer different level of capabilities and performancesthis chapter, we will seek to investigate
the performances and scalabilities of Cross-Domain Mese8igstem based on the parameters laid
out in the model presented in previous chapter, namely,teriskne performance S, extensive per-
formance and scalability benchmarking need to be condutteslbenchmarking test will involve
(S, S S, S, &), these parameters represent:

Metadata insertion performance §

Metadata modification performance Sy

Metadata query performance §,

Data-object metadata scalabilityS,

Domain and cross-domain metadata scalabilityy;

In this chapter, tests will focus on performance compassuinS, Sy, Sn, &) between native
IRODS system and Cross-Domain Metadata Management SystaralbasS., which represents

scalability of Cross-Domain Data Discovery.

1Reprinted by permission of “International Journal of GrididJtility Computing”, published by Inderscience Publighe
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7.1 Performance Evaluation on Cross-Domain Metadata
Insertion
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FIGURE 7.1 Performance Comparison of Metadata Insertion

We picked a test case involving the insertion of from 1 to 1D86ts of metadata corresponding
to 1 to 10000 experiment files produced by the SCOOP projdwt.pfogram used in this exper-
iment are bulk insertion program we developed for Cross-Biarivietadata Management system
and modified “imeta” command for IRODS. The experiments weneducted on a Dell Desktop
with a 2.40 GHz CPU, 512 M memory and Ubuntu linux installed.

As shown in Figuré 711, as the size of insertion metadataregisy Cross-Domain Metadata
Management System displays far superior performance tfesytstem iRODS [42] has, the per-
formance discrepancy turned out to be a surprise for us atogytbased Cross-Domain Metadata
Management system is required to handle semantically fae momplicated data. Our prelimi-
nary conclusion is that the IRODS [42] system handles médadaertion by repeatedly inserting
triples into databases, while Cross-Domain Metadata Mamagt System based on existing on-
tology tools, namely Protege database, handles large seétadata insertion by bundling them

together in the memory, then bulk-inserts them into theluea.
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7.2 Performance Evaluation on Cross-Domain Metadata
Query

On the same testbed we used for evaluating performance e@omain Metadata Insertion. We
formulated queries for both systems that would return tessi$ with size ranging from 1 to 10000
files. The query we used in our experiment seeks to returnifil@&COOP project archive that
are related to Hurricane Katrina, here in this example, veeiragd that all files created between
00:00:00 08/23/2005 to 23:59:59 08/29/2005 to be Katralated files. This query can be finished
by executing one Spardl [14] query on Cross-Domain Meta8giem or one iRODS command
on iRODS system.

Our experiment result indicates, as illustrated by Figug that very significant performance
gap exists between Cross-Domain Metadata ManagemeninSygste iRODS system. As shown
by Figure 7.2, query performance of iRODS system is in theooflseconds, while query perfor-

mance of Protege-based system is in the order of hundredsohds. On the other hand, query
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FIGURE 7.2 Performance Comparison of Metadata Query

time on iRODS system is positively correlated to the sizeesiutt set, as the size of the result
set grew, significantly more time was needed for the queryntstfi In the case of Cross-Domain
Metadata Management System, however, relatively litttegpmance fluctuations appeared among

guery result sets of significant size differences. Coupligd @ur observation that in Cross-Domain
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Metadata Management System, most time was spent on exeadtguery while in iRODS sys-
tem, most time was spent on parsing and printing of quenytresappears that the performance
gap between the two systems can be largely attributed tathedre complicated and rich meta-
data representation in Cross-Domain Metadata Managermyster, even though in both systems,
metadata is ultimately stored in open source relationalateges. (In Cross-Domain Metadata Man-
agement System, we adopted MySQL as database back end;D&Rgstem, PostgreSQL is used
to store metadata; The two database system were chosersbehay were the best supported re-
lational database system by Protege [12] and iRODS [42pctsely.)

Another observations of ours was that in Cross-Domain Matalflanagement System, query
that would return tens of thousands of files often collap$edstystem, and when it succeeded,
the performance was extremely bad, which indicated thasitteeof available memory that can be
utilized by Java Virtual Machine is also a contributing facto the far worse query performance

by Cross-Domain Metadata Management System.

7.3 Performance Evaluation on Cross-Domain Metadata
Modification

In this section, we attempted to test Cross-Domain Metalllatdification performance. Experi-
ment environment remains the same as described in two piegECtions. The metadata manage-
ment task we sought to benchmark this time is the modificatfmalue of metadata "Keyword” in
both systems, the systems would try to modify value of "Kega’drom void to "Katrina” based

on the time the file was created. Size of files whose metadata &#e modified by the two systems
ranges from 1 to 10000.

As illustrated in Figuré 713, when the amount of files systénesl to modify was relatively
small, from a few files to a few hundreds of files, performant&R®DS system is vastly su-
perior to that of the Cross-Domain Metadata Managemente8ysPerformance gap in this case
is comparable to the performance gap iRODS system achigyadst Cross-Domain Metadata

Management System in previous section, which is consisténiperformance advantages iRODS
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FIGURE 7.3 Performance Comparison of Metadata Modification

system has over Cross-Domain Metadata Management Systemmiof underlying implementa-
tion and metadata complexity. But as the amount of the filessgioser to 10000, performance
gag between the two system rapidly got smaller, Cross-DorkkEtadata Management System
even outperformed iIRODS system when size of experimentdii@eached 10000 even though
performance of Cross-Domain Metadata Management Systidowéal a largely upwardly linear
trend. We believe the performance discrepancy displaya®BpYS system can be explained by
its lack of support for SQL or Spardl [14] style complex quéagguages, which meant iRODS
system needs to modify metadata for one single file at a tirhe.dverhead of repeated query
to underlying relational database eventually outweigheddienefit generated by iRODS system’s

more efficient implementation and metadata simplicity.

7.4 Scalability Evaluation on Cross-Domain Metadata
Management System

In previous section, we presented our work on benchmarkimtgamparing performances of
Cross-Domain Metadata Management System in the contexdtatets of limited size, namely,
datasets with 10000 files were utilized to evaluate perfocea. In this section, we will present the
work we have done to test the limit of scalability of Crosskiizon Metadata Management System
in large scale data-intensive distributed environment.WNeconduct our tests with a datasets

containing 1 million dummy files.
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As presented in previous section, Cross-Domain Metadataaljizament is based on ontology
and Java. During our experiment, as we attempted to tesirthiedf the scalability of Cross-
Domain Metadata Management System. The conflict of a Jasedsystem and the memory re-
quirement for data-intensive applications was laid baaeaJ/irtual Machine can only use at most
2 GB of memory in Linux system, which is hardly enough for acdogy containing metadata
for tens of thousands of files. We experimented on insertiatadata for 1 million files in Cross-
Domain Metadata Management System, the experiment ranur@ 4@ minutes and 46.623 sec-
onds, it succeeded in inserting metadata for 684632 files, the process crashed when another
Java-based program was launched. Another attempt endednettdata for 734845 files inserted
in 24 hours 43 minutes and 53.838 seconds, the process draghée presumably because of
memory hog. After changing the backend to relational dat@pae successfully tested insertion
of 1 million instances on a workstation with 4 GB memory, Oxperiment showed that 1 million
instances could be inserted in 6898 minutes 59 secondpapyately 5 days, sufficient to handle
demands of scientific projects the system works with. It$e &#leen observed that as the number of
metadata grew, the execution of the insertion programsmbeextremely slow and unresponsive.
It is clear that as the size of ontology grows, Cross-Domagtddata Management System would
encounter scalability problem but with proper backend gabae, sufficient scalability could be

achieved to satisfy demand.
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Chapter 8

Data Object Discovery Performance and Scalability
Evaluation®

8.1 Testbed

We implemented and tested our Data Object Metadata SysteRetaShare, which is an state-
level distributed data sharing cyber-infrastructure iruistana. It aims to enable collaborative
data-intensive research in different application areah &1$ coastal and environmental model-
ing, geospatial analysis, bioinformatics, medical imggiituid dynamics, petroleum engineering,
numerical relativity, and high energy physics. PetaShaseages the low-level distributed data
handling issues, such as data migration, replication,@#tarence, and metadata management, so
that the domain scientists can focus on their own researdhhencontent of the data rather than
how to manage it.

Currently, there are seven PetaShare sites across Laatidianisiana State University, Uni-
versity of New Orleans, University of Louisiana at LafagefTulane University, Louisiana Tech
University, Louisiana State University-Health Scienc@snter at New Orleans, and Louisiana
State University-Shreveport. They are connected to edwdr ota 40Gb/s optical network, called
LONI (Louisiana Optical Network Initiative). In total, weakre 300TB of disk storage and 400TB
of tape storage on these sites. At each PetaShare site, weahaRODS server deployed, which
manages the data on that specific site.

Here, we use iRODS metadata system: iCAT, to store data tabjetadata. iRODS version in
tested system is 2.2. iRODS is chosen because it is the deced8RB which was previously
used in our group for data storage. Data Object MetadataeRyist replicated throughout the 7
PetaShare sites to avoid single point of failure at the exp@erh extra overhead on network band-

width. The tests were done by piping all addition, deletieic, commands into imeta command.

1Reprinted by permission of “Scientific Programming”, psb&d by I0S Press
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TABLE 8.1: Testbed Sites Metrics

Testbed Sites Metrics
Cluster | Peak Performance# of nodes| Memory | Location
Eric 4.772 TFlops 128 4 GB/node| LSU
Oliver 4.772 TFlops 128 4 GB/node| ULL
Poseidon| 4.772 TFlops 128 4 GB/node| UNO
Louie 4.772 TFlops 128 4 GB/node| Tulane
TABLE 8.2: Selective Data-Object Metadata
Selective Data-Object Metadata
location | dateOfcreation filetype size name
institution | creator resolution| department project

Table[8.1 illustrates metrics at some of the PetaShare Jide[8.2 provides a selective set of

data-object metadata we use for performance and scajatdiichmark testing, the set includes

ten triples describing some of the data-object propentiesir system.

8.2 Performance Benchmarking

Algorithm 1 Data-Object Metadata Insertion Performance BenchmaiRiogess

. while BATCH INSERTION FILE NOT PROPERLY GENERATEMmMO
recursively list all data objects need data object metaaiat@tation
formulate insertion commands for all data objects

- end while

1
2
3
4. output result to batch file
5
6

. execute batch file on data-object metadata store

For performance benchmarking, algorithohg 1, 2, ahd 3 diiprocess we employ to bench-

mark S, Sm, & respectively on testbeds described in the previous sedtigure[8.1, (8.2, 813

contain benchmarks of five rounds of performance test§ @, §; respectively.

Each round of test consists of tests ranging in size from D@HA data objects, since metadata

attached to each data object in our benchmarking testsstarisio triples, the maximum number

of triples benchmarked in these tests is 100,000.

As illustrated in Figuré 8]1[ 8.2, as expected, performavfcmsertion and modification of

data object metadata shows strong linear positive coiwaldab the number of triples involved.
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Algorithm 2 Data-Object Metadata Modification Performance Benchmarkrocess

1: formulate batch commands based on metadata triples neeficatban
2. execute batch file on distributed data sets

Algorithm 3 Data-Object Metadata Query Performance BenchmarkingeBsoc

1: While NOT SATISFIED WITH QUERY RESULTdO
2. formulate query

3. execute query on data-object metadata store
4. return query in plain text
5
6
7
8

. end while

. formulate file access query

. execute query on distributed data sets

. acquire data object for further processing

The performance of insertion, improved considering the sifztriples in data object metadata
store increases ten times while the time taken to insertt@imumber of triples only doubles.
Performance of modification, however, significantly deteies, even after considering the much
more data intensive environment.

On the other hand, performance of query of data object mitddagely remains constant as
the number of triples involved increases. In terms of aliegderformance, however, query of data
object metadata does not perform as well as hoped as tima takinish a query that returns
relatively small number of data objects still reaches savainutes, the relatively unsatisfactory
performance of data object query is related to the size ofithaset, namely, dataset contains up to
1 million data objects and metadata store has up to 10 mdllioples stored, in a less data intensive

environment, performance of query operation should caabdy improve.

8.3 Scalability Benchmarking

Our attempts to scale our previous primarily ontology-basetadata schema to one million in-
stances, each instance contains all the metadata pertmene individual data object in the sys-
tem, failed dozens of times because of the extra overheatkdder accommodating ontology-
based metadata schema in fine granularity. In this sectiemainly present our scalability bench-

marking result conducted based on the new layered metadatagement system illustrated in
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FIGURE 8.1 Data Object Insertion Performance Benchmarking
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FIGURE 8.2 Modification Performance Benchmarking
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FIGURE 8.3 Query Performance Benchmarking

TABLE 8.3: S, Before and After Each Round of Test

4000 6000 8000

# of Files

S Before and After Each Round of Test

Round of Test] &, before Test & after Test
1 0 100,000

2 100,000 300,000

3 300,000 600,000

4 600,000 1,000,000

we conducted four rounds of tests.
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previous section. Specifically, we conduct tests on dajeeblmetadata scalabilit,, as data-
object metadata scalability are the primary piece of métagdormation that every individual
data object in the system needs to be annotated with, it ibijgeest factor in degrading perfor-

mance of metadata management system in a data-intensiygutiognenvironment. In our tests,

First round consists of attaching data object metadata @000 data objects; second round
consists of attaching data object metadata to 200,000 dgeats; third and fourth rounds each
consists of attaching data object metadata to 300,000 ad@@@® data objects respectively. As

illustrated in Tablé 812, each individual data object w#l &ttached with an set of ten triples data



object metadata. So together, after 4 rounds, the systetainsrien millions triples in total. As
a result, data-object metadata scalabifigywill be assigned a valu& = 10,000 000, a vastly
improved scalability benchmark than our previous expenimesults. Number o%, in the system

before and after each round of test is listed in Tablé 8.3 .
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Chapter 9
Semantically-Aware Data Placement

In this chapter, we describe different experimental sdesand corresponding data placement
strategies we employ to improve performance and througbpdata access by various related

research groups.

9.1 Metadata Standards

In order to make our experimental scenarios as realistioasilple, we decide to take advantage
of real-world cases in which semantically-aware data preesg could improve performance and
throughput. Below are brief introduction to the variousadahcoding standards, namely, NWIS
from USGS and WQX from EPA, we seek to employ in our experiestenarios as well as
brief introduction of some of the current efforts to devetogtandardized metadata vocabulary for
hydrologic datasets.

In the US, Environmental Protection Agency (EPA), US GemalgSurvey (USGS) and Na-
tional Oceanographic and Atmospheric Administration (NNQAre the primary sources of wa-
ter quality, quantity and climate datasets. While thereaerlaps in data offerings, NOAA is
the main source of meteorological data, USGS stands outitsigtxtensive water quantity (sur-
face/subsurface) data whereas EPA focuses on datasetsimmemental quality. Heterogeneity is
a major issue dealing with these datasets that are relatadgged with different metadata stan-
dards.. USGS data is available, via the National Water im&tion System (NWIS) in different
formats including delimited text, HTML tables and USGS owydrbML markup language. EPA
is moving from delimited text to XML-based WQX (Water QugléXchange) format. In addition
to different encodings, there is no common vocabulary eitteek of standards for hydrologic data
exchange is a major problem a solution to which would elin@nle need for human involvement
in data retrieval thus not only saves valuable researchliimhalso makes it possible to implement
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TABLE 9.1: NWIS Metadata and WQX Equivalents

NWIS Metadata and WQX Equivalence
NWIS Parameter ID Parameter Description Equvalent WQX Charactername
00004 Stream width, feet Instream features, est. stream width
00010 Temperature, water, degrees Celsius| Temperature, water
00011 Temperature, water, degrees Fahrenh@iémperature, water, deg F
00020 Temperature, air, degrees Celsius Temperature, air, deg C
00021 Temperature, air, degrees Fahrenheit Temperature, air, deg F

automated workflows. This has been the main motivation lokthie@ water data services part of the
Consortium of Universities for the Advancement of Hydrato§cience, Inc. (CUAHSI) Hydro-
logic Information Systems (HIS) project . The HIS proje@igperience in developing solutions to
standardized access to hydrologic data sources in the dJSitges demonstrates the challenges
associated with establishing community semantics of Hgdro data exchange, formalizing the
main notions of hydrologic observations, and evolutiondm¥s compliance with general data ex-

change protocols for cross-domain interoperability.

9.2 Experiment Scenario
This is the simplest scenario in which semantically-awata ¢hlacement strategies are employed
to improve performance. In this scenario, we have one reBegmoup uploading observational
sensor data encoded in NWIS metadata to data centers, adteofébe existence of equivalence
relationships between NWIS standard and WQX standard, réislpadescribed in Table 911, the
system intelligently places the observational datasetrgntata centers it manages to achieve
optimal performance/throughput for potential users of ttataset.

Below is description of testbed used for testing semanyi@lare data placement strategies:

1. number of nodes in the system.

9 data storage nodes and one router node.

2. Node types and connectivity.

Node types:

Nodes belong to the same institutions.
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Nodes belong to different institutions.

Router nodes.

Connectivity:

Nodes in the same institutions connected via 1Gbps network.

Nodes in the same institutions connected via 100 Mbps n&twor

Nodes in the same institutions are connected with Switches.

Nodes in different institutions are connected via switcies routers.

Routers connect different institutions via 100bps netwmrkOMbps network.

3. Project

Project can be randomly distributed across the whole nétwamely, project can contain nodes
from the same or different institutions connected via fastiow network.

Figurel9.1 illustrates the network topology used for tegaglacement strategies.

9.3 Semantically-Aware Data Placement Strategies

In any data placement/replication strategy, the most itapdrfactor impacting data placement
strategy is the amount of available resource. Ideally,edéviant datasets should be placed on all
disks to achieve the highest locality and best possiblepadnce. However, as the size of datasets
grows, it is clearly not realistic to implement the ideabstgy. This strategy would also incur the
heaviest overhead since all datasets need to be placed saradirs, thus placing the heaviest
workload on network whenever new data is generated. Assunetwork throughput per second
from node i to node j is5; and available disk space for data placement on nod®j,igoal of
data placement strategy would be to achiMA'e(g—j"i + g—j"z ...... + g‘”‘) here node 1 to m denote
m nodes chosen for placing data set relevant to groups wgpddimode i. One strategy to achieve
Djm

Mln(s Tt S S + Sim ) would be to greedily choose node j to which node i has the Isighe

network throughput and place the largest files in datasdtDpis filled up.
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FIGURE 9.1 Network Topology

For example, assuming simulation data encoded in NWIS ratadandard has been produced

and locally stored on node inslserverl and simulation dataded in WQX metadata standard
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has been produced and locally stored in node ins3serverghddytaining a periodically updated

network throughput matrix, as shown in Table 19.2 and Figuge3, [9.4 and[9I5, the system
inslserver | inslserver | inslserver | ins2server | ins2server | ins3server | ins3server | ins3server | insdserver
1 2 3 1 2 1 2 3 1
inslserve 26.315789 | 4.1735866 | 0.8867320 | 0.8464307 | 0.7416037 | 0.7369238 | 0.7760643 | 0.7537717
rl local 47 96 14 74 8 85 31 8
inslserve | 23918417 5.6289271 | 0.8851986 | 0.8890134 | 0.7454378 | 0.8131755 | 0.7390601 | 0.7455412
r2 8 | local 58 55 48 05 45 9 01
inslserve | 5.7833701 0.8780846 | 0.8785630 | 5.9847828 | 5.8221754 | 6.0683036 | 6.0164168
r3 95 5.859375 | local 41 61 78 17 97 89
ins2serve | 1.1074672 | 1.1054805 | 1.1057648 8.8319868 | 1.1076827 | 1.1067514 | 1.1117622 | 1.1078413
rl 48 56 35 | local 55 96 7 72 41
ins2serve | 1.1131949 | 1.1143039 | 1.1122031 | 8.6915510 1.1131117 | 1.1143874 | 1.1063717 | 1.1220643
r2 56 78 97 04 | local 08 04 87 66
ins3serve | 8.7099387 | 8.7099387 | 8.7938556 | 0.9336369 | 0.9376544 8.8757396 | 8.7739185 | 8.9207505
rl 83 83 63 86 59 | local 45 64 42
ins3serve | 8.8607015 8.9782850 | 0.9257753 | 0.8917749 | 8.8267493 8.9937253 | 8.9384700
r2 29 | 8.7890625 78 07 32 84 | local 08 67
ins3serve | 8.8900119 | 8.8891951 | 8.9434276 | 0.9121377 | 0.9267640 | 8.9154072 | 8.9166397 8.8623248
r3 45 49 21 96 85 98 86 | local 15
insd4serve | 5.3856216 | 5.3595169 | 6.0893098 | 0.8474576 | 0.8816654 | 6.0990985 | 6.0990985 | 6.1537972
rl 43 51 78 27 59 31 31 27 | local

FIGURE 9.2 Network Throughput Matrix

would be able to place the semantically-related data sesa@vailable nodes to best reflect current
hardware conditions (available resource, network thrpugletc.) so that relevant parties would be
able to access these datasets in a optimal way, based ortwelathroughput matrix, the simplest
strategy would be to distribute NWIS and WQX data sets tosaslerl, instlserver2, inslserver3
to achieve optimal performance since the 3 nodes choserdvpoesent the best possible nodes,
performance wise, for both inslserverl and ins3serveedtiginal producers and users of NWIS
and WQX datasets. On the other hand, the optimal nodes climsdata placement need to have
sufficiently large disk space to handle the data, in sciergifnulation, datasets can come in two
basic types:

1. Datasets with large individual files, such as visual@atata set comprised of high-definition
video files.

2. Datasets comprised of small individual files, such a watal and atmosphere time period

observational files collected from tens of thousands of@®rspread across the nation.
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Greedy strategy dictates that largest files should be planaibdes with the best throughput
to related project nodes, however, if datasets generatesl @eenprised mainly of high-definition
video files as often the case in scientific visualizatiors émtirely possible that file size would ex-
ceed available space on chosen nodes. For example, in the mlemtioned example, ifinslserverl
only had 100 MB of available space, it would not be possiblpl&ze the largest file in the data
base, which are of larger size. To deal with the problem, ylstesn needs to gather information on
available disk size on chosen nodes, then allocate filesdeshaccordingly. Taken both through-
put and available disk space into consideration, we haviotlosving greedy algorithm that ensure
Min(g—j"i + g—j"z ...... 2%). Issues need to be resolved before data could be placedéclu

1. Which subset of nodes should be selected for data plad@men

2. How to place different files to different nodes?

3. Is this strategy optimal?
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FIGURE 9.3 Access Performance
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Forissue 1, first the system needs to weed out all nodes vaitable disk space smaller than the

smallest files in dataset so that the system will not selecde that physically can not accept any

file from the dataset; then the system needs to select a @adiet of nodes that could collectively

store the dataset and achieve optimal performance for leNaet projects. Figures 9.6 shows

nodes selected when size of candidate set of nodes is 1, 253647, 8, 9 respectively. In the
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FIGURE 9.6 Candidate Selection

figures, each row of nodes is sorted in ascending order, tcagelidate nodes, as shown in figures,
is equivalent to solving two problems:

1. the candidate nodes collectively are sufficient for pig¢che whole data set.

2. the candidate nodes ensure optimal performance forarei@vojects.

The first problem can be solved by only choosing minimal nundfenodes needed for data
placement, in another word, to achieMén(Sun{Dj1 + Dj>...... +Djm) — Satasey, hereDj to
Djm are available space on respective nodesndsetis size of dataset. The second problem can

be solved by algorithil 4:
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Algorithm 4 Algorithm to Generate Candidate Nodes

1
2:
3:

10:

create hash table T with node name as key and set all valuewif T
select leftmost node as current
while current is smaller than size of node lidb

T[current] = T[current] + 1

Surrent = Scurrent - Deurrent

if Surrent > 0 and T[current] == 2then

add current node to candidate list

end if

current = current + 1
end while

The above algorithm only has to traverse through each row tmproduce the candidate list

that, assuming all relevant projects have equal probglfiaccessing the dataset, ensures optimal

performance to relevant projects as a whole. Hence, the donelexity of algorithmi 4 is O(n)

with n denotes the number of nodes in the system.

After candidate nodes list is generated, algorifim 5 candeel o optimally place dataset to

candidate nodes:

Algorithm 5 Greedy Data Placement Algorithm

1

R w N

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:

gather available disk space information on nodes insideyhem
create file list according to file size
sort file list in descending order
create nodes lists from all relevant rows in throughput mabnly include nodes where avail-
able disk space were larger than the smallest file
sort the nodes lists in descending order
create candidate nodes list out of nodes lists using algoi#
choose the first file from file list as current file
choose the first node from candidate nodes list as currerg nod
while file list not empty do
while available space on current node smaller than size of cuiitewio
if available space on current node smaller than size of cuiitetihen
choose next node from candidate nodes list as current node
else
place current file to current node
reduce available space on current node in candidate nad@sdordingly
end if
choose next file from the file list as current file
end while
choose leftmost available node from candidate nodes listiaent node
end while
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FIGURE 9.7 Performance Comparison Between Default Placement aned@felacement

Assuming there are n nodes in the system and m files in datiaset;omplexity for step 1 would
be O(n), for step 2 and step 3 will be O(m) + Oflin= O(Inm). Time complexities for step 4, 5
would be O(n) + O(Im) = O(Inn), for step 6 would be O(n) as discussed above. Time compglexit
for step 7 to step 18 would be O(nm). Therefore, overall timmglexity for algorithnib = O(n) +
O(Inm) + O(Inn) + O(nM) = O(nm).

In Figure[9.7, expected performance comparisons of gre&bement discussed above and
default placement, which automatically places all locpligduced on local nodes, are shown.
Left side figure of Figuré 917 shows expected performancepeawison, depending on number of
nodes greedy placement distributes data to, in the exangdassed above, namely, when node
inslserverl trying to access data generated at node ins88ein the figure, red line indicates
time required to access a file of size 186 MB stored on ins&s2rirom inslserverl and blue
line indicates expected time required to access file of theessize placed by greedy strategy.
As illustrated in the figure, as the number of nodes placet déta grows, the performance of
acquiring file with a set size also deteriorates, clearlalbse addition of nodes with worse network
throughput increases expected overhead. Still, greedyeplant overall offers markedly better
expected performance than default placement. In this d@as@bvious that greedy placement is a

much better fit to place data locally stored on node ins3s21fee node inslserverl to access.
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On the other hand, the right half of Figuire]9.7 shows that whismode ins3server2 accessing
data generated at node inslserverl, default placemens bff&er performance than the expected
performance of greedy placement. Clearly, in this cass, riot worth the effort to apply greedy
placement to data generated at node inslserverl, nodemsBscould be better served by asking
node inslserver directly for data.

The difference between the two scenarios illustrated infei@.T shows that even though it is
desirable to apply greedy placement under certain circamess, it is also likely that default place-
ment offers better performance under difference circuntgts. The factor determining choice of
placement strategy here is network throughput between gederating the data and node that
might need to access the data. As shown in network throughptrix[9.2, in the scenario dis-
cussed above, there is significant difference between peafaces in the case of node inslserverl
accessing node ins3server2 and reverse. Node ins3sepgargsang node inslserverl already en-
joy near optimal network throughput, therefore, placintadan other nodes will not improve per-
formance significantly, on the contrary, it will actuallyée node ins3server2 to access data placed
on node with worse network throughput. Therefore, to hepubers access node optimally, the

system needs to make intelligent choice in choosing theplat@ment strategies.
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Chapter 10
Conclusions

10.1 Contributions

In this dissertation, we seek to leverage semanticallyraweetadata to enhance data discovery and
placement to improve efficiency and performance of data gemant in collaborative computing
environment. The dissertation will contribute to the afoemtioned topics in the following ways:

1. Our system boosts scientists’ ability to interoperathweach other by relieving them from
the need to manually conduct the necessary mapping andlataon” required for accessing data
archives covering multiple domains, while at the same titilea$fording scientists continued use
of familiar terms and vocabularies. Scientists of one donvéll be empowered to access data
annotated and described by not only terms and vocabulammesidr to them, but also data from
other domains annotated with vocabularies commonly usegspective domains. We achieve this
goal by developing a metadata schema elastic enough tadechetadata related to describing
characteristics of scientific domains, metadata desonpif features of individual files/folder as
well as conceptual and semantic mapping required for tlegration of terminologies of different
scientific domains.

2. Avoiding the pitfalls plaguing some of the previous sys$e namely, the conflicts arise out
of the need to be more descriptive in metadata developmeinth@nincreasing burdensome over-
head created by increasingly more descriptive metadatananebsingly larger datasets, our lay-
ered approach toward system implementation leads to lovagpfint for metadata management
in the overall data intensive collaborative computingasfructure. We achieve this objective by
implementing a metadata management system in a dataiveeadlaborative distributed comput-
ing environment through a layered approach, we will sepdnggh-level terms and vocabularies,

which are needed to describe the domain as well as providingextual information about data
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object in its respective domain, from more technical metadalated to simulation and physical

characteristics of actual data object such as files and aldieus removing the need to attach
high-level metadata not directly related to data object&lwhave become increasingly numerous
as the size of data archive grows.

3. We conduct evaluation and benchmarking of the system welalged to test the efficiency
and effectiveness of our implemented system, we descrilmdaiwith parameters most important
to the overall quality of metadata management system sduhate developer of similar system
could be helped in the design process.

4. We also leverage semantically-aware metadata to hedppliatement become more intelli-
gent. As data management in collaborative environment nigt @quires data to be discovered,
it also requires data to be acquired in an efficient and dbstteve fashion. In this dissertation,
we also propose and experiment with data placement algmsithat leverage semantically-aware
information that include hardware semantics like avadabsk space and network traffic, but also
semantic metadata that could increase semantic locabtypuk literature review indicates, so far,
none of the current data placement strategies leveragdrsiachation.

5. The work also contributes to system engineering addrgsiata management problems in
the context of scientific computing, which presents unigualenges that current available com-
mercial and open-source solutions do not tackle suffigrentl

To sum it up, this dissertation describes important chghkerfacing the management of large-
scale datasets in collaborative computing environmentiensific computing, namely, the issue
of discovering data relevant to users as well as the issukaoiing data so that users could access
efficiently, examines existing works done to address thesees, presents and discusses our novel

approaches and conducts experiments to test performadaealability of proposed solutions.

10.2 Future Works

As presented in this dissertation, the system presentedhangdroblems the system attempts to

address are distributed and scalable, but the scalabditieeed is far from what a truly national
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or even international cyber-infrastructure for scienced® possess. The compromise and design
decisions made as part of this work have not been, due torttiation of resources and datasets,
been tested on an scale on par with solutions provided bystnglto problems of similar nature.
Therefore, the most important part of future works shoulddogcale up the system, both in term
of hardware and dataset, but also regarding number of disefpand metadata standards, in an-
other word, both system and semantic scalability need tested in a much bigger scale, as the
system scales up, the system also needs to consider thé ¢hreade failures and how best to
build sufficient redundancy into the system so that failuesild not fatally affect availability
and redundant resources are not seriously underutilizis, £is work does not touch upon the
problem of data processing, integration of data processapgbilities into the system is critical to
the construction of a full-spectrum data management systanthe theoretical side, the task of
modeling such a highly distributed system, in term of perfance, scalability, and extensibility is
a very hard problem, which is also a hot research topic andssacy part of the future works if
commonalities were to be extracted for devising soluti@ensalutions to similar problems in the
future. Specifically, the future works are needed:

1. Increase the number of and heterogeneity of projects atddata standards involved in tests

2. Increase size of, number of and level of distribution dadats involved in tests.

3. Using new test data to reexamine the compromises ando@sgjsions.

4. Integration of failure-handling mechanism to handlestant node failures, which are in-
evitable in a large-scale distributed system.

5. Integration of existing data processing systems suchpastte Hadoop[24].

6. Building a continuous monitoring module to monitor thestgyn with the hope that with
enough historical data, a more concrete and stable modéd beubuilt to assess the quality of

solutions to similar problems.
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