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Abstra
tGrid 
omputing is foreseen as the solution to the large data-handling requirementsof the next generation of high energy physi
s experiments. This emerging paradigmenables distributed 
omputational and data storage resour
es to be aggregated intoone uni�ed utility. This thesis des
ribes and evaluates servi
es developed by theEuropean DataGrid proje
t for managing distributed data, showing that they aresuÆ
iently s
aleable and stable to be used as produ
tion servi
es for these experi-ments. A strategy to optimise data a

ess based on an e
onomi
 model for �le tradingis introdu
ed and simulation of the Grid environment is used to evaluate its e�e
-tiveness. Results show that this model 
an be used to redu
e data a

ess laten
iesand usage of network resour
es by ensuring repli
ated data is distributed e�e
tivelyaround the Grid.
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Outline
This thesis 
overs the issues 
on
erned with data management in a Data Grid en-vironment with a spe
ial fo
us on the problem of repli
a optimisation. Chapter 1dis
usses the history of distributed 
omputing and 
urrent e�orts in this area alongwith the data requirements and 
omputing models for high energy physi
s experi-ments at the Large Hadron Collider at CERN. The idea of Data Grids and their
onstituent 
omponents are explained in Chapter 2, leading to the de�nition of aData Grid used throughout the rest of the thesis. The European DataGrid proje
t isthe fo
us of Chapter 3. The servi
es developed by the proje
t are dis
ussed with par-ti
ular emphasis on data management servi
es. These data management servi
es aretested in Chapter 4, to evaluate their s
alability and stability in a produ
tion envi-ronment. The issue of optimisation is dis
ussed in Chapter 5 and a solution to repli
aoptimisation based on an e
onomi
 model for �le trading is explained in detail. Chap-ter 6 des
ribes the ar
hite
ture of the Grid simulator OptorSim, designed to evaluatethe performan
e of Data Grid optimisation strategies and Chapter 7 presents resultsobtained using OptorSim to test these strategies in various Grid s
enarios. Finally,
on
lusions are presented in Chapter 8.A des
ription of work 
arried out on the S
otGrid website is given in Appendix A,Appendix B 
ontains a glossary of a
ronyms used in this thesis, and a brief explana-tion of UML diagrams is provided in Appendix C.
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1 Introdu
tion 1
Chapter 1
Introdu
tion
In 1964 Martin Greenberger wrote an arti
le for The Atlanti
 entitled \The Com-puters of Tomorrow" [65℄, in whi
h he proposed that 
omputing development wouldfollow the same lines as the development of ele
tri
ity, evolving into a utility that
ould be used for any kind of 
omputational problem. The ele
tri
al power Gridprovides a reliable, 
onstant sour
e of power that any devi
e designed with the ap-propriate wiring 
an plug into and use, without 
aring about whi
h power plantgenerated the power. Similarly, the 
omputational Grid was foreseen to be a utilityof pro
essing power providing standard interfa
es to whi
h any 
omputer 
an link toharness its power, with the sour
e of the power 
ompletely transparent to the user.40 years later, this idea is be
oming a reality. All over the world 
omputationalGrids are being 
onstru
ted so that distributed resour
es 
an be aggregated andshared among di�erent users and organisations. This development has been drivenby the s
ale of many 
urrent and future s
ienti�
 proje
ts in whi
h the amount ofdata produ
ed and the 
omputational resour
es required to analyse it are far greaterthan any previously seen. With su
h large requirements, it is not possible to usetraditional 
luster 
omputing or super-
omputing at a single lo
ation to solve theseproblems, and so s
ientists are looking to link geographi
ally distributed resour
estogether to form Grids. The power of a Grid 
an be a

essed from anywhere inthe world, providing the user has the 
orre
t a

ess rights, but software employedto manage the resour
es and data hide from the user the details of the parti
ular



1.1 A Brief History of Networked Computing 2resour
es that are used. To the user the Grid looks like one single large 
omputerto whi
h they 
an simply \plug-in" and the Grid does whatever they want it to do,automati
ally �nding the required resour
es.Building a Grid is not easy, however, both in terms of the 
ost of hardware (CPUs,data storage devi
es and networks to link resour
es together) and developing thesoftware to manage the resour
es (resour
e s
heduling, information servi
es, se
urity,data management et
). The distributed nature of a Grid also brings other problemsof a so
ial and politi
al nature, when people from many 
ountries and ba
kgroundshave to agree on standard de�nitions and proto
ols for the Grid.Despite these problems many Grids are approa
hing the stage of being used asprodu
tion fa
ilities. In the next few years it will be
ome apparent whether theywill remain as spe
ialised infrastru
tures for s
ienti�
 experiments or will be takenup by 
ommer
ial interests and the general publi
, to be
ome the \next generationInternet".1.1 A Brief History of Networked ComputingNetworked 
omputing has been around for almost 40 years [134℄ but only really inthe last 10 years with the explosion of the World Wide Web has the 
on
ept be
ome
ommonpla
e in the mind of both the general publi
 and business.In 1965, the year after Greenberger's arti
le, the �rst wide-area network was
reated between two 
omputers (one at MIT's Lin
oln Lab and the other at SystemDevelopment Corporation in California) linked together over a 1200 bps phone line.This experiment was performed by the Advan
ed Resear
h Proje
ts Agen
y (ARPA),set up by the US Department of Defen
e in response to the USSR's laun
h of the�rst man-made obje
t into spa
e, Sputnik 1. Over the next 4 years the ARPANETwas 
on
eived, designed to form a network of 
omputers all over the USA to dealwith any national emergen
ies. The initial ARPANET was formed in 1969 between4 
omputers, the original sket
h of whi
h is shown in Figure 1.1.Throughout the 1970s the ARPANET gradually grew in size, but two importantinventions in this de
ade laid the foundations for today's networks: Ethernet and
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Figure 1.1: The 4 nodes on the original ARPANET: (1) UCLA, (2) SRI, (3) UCSB,(4) UTAH. From [79℄.TCP/IP. Ethernet [92℄ enables multiple 
omputers in a building or 
ampus to belinked together in a Lo
al Area Network (LAN), and thus the ARPANET slowlyevolved into a 
onne
ted set of LANs. TCP/IP [33℄ (originally just 
alled TCP,but later split into TCP/IP) forms the 
ombined Transmission Control Proto
ol andInternet Proto
ol. IP 
ontrols the forwarding and addressing of pa
kets of databetween hosts and TCP provides a reliable delivery servi
e, 
ontrolling pa
ket 
owand dealing with lost pa
kets. These two proto
ols 
ombined gave a reliable way totransmit data between any two points on a network. The move in the early 1980s tousing TCP/IP as the standard networking proto
ols led to the �rst de�nition of \aninternet" as a 
onne
ted set of 
omputers 
ommuni
ating using TCP/IP and \theInternet" as 
onne
ted TCP/IP internets.The 
onversion from human-friendly host-names for network nodes (host.gla.a
.uk)to numeri
 IP addresses (194.25.1.45) was originally performed using one �le 
ontain-ing a table of the two forms, passed around all the hosts on the Internet periodi
ally.However as the number of Internet hosts grew into thousands, a more s
alable so-lution was required. The Domain Name System (DNS) [93℄ was invented in 1984



1.2 Current trends 4and is a distributed hierar
hi
al Internet dire
tory servi
e enabling fast resolution ofany host-name to IP address. A sear
h for a host-name starts at the nearest nameserver, then progressively moves higher up the hierar
hy until the host is found.This distributed database 
an almost be thought of as the �rst metadata servi
e fordistributed 
omputing.Around the early 1990s the �rst 
omputer 
lusters were 
reated. The falling pri
esof PCs and improvements in Ethernet te
hnology meant many 
omputers 
ould belinked together to form a single parallel 
omputer. This was mu
h 
heaper thanbuying a single large mainframe 
omputer with the equivalent pro
essing power.Until the mid-1990s the Internet was still only used by a
ademi
 and militaryorganisations for e-mail, newsgroups and �le transfer. In 1991 Tim Berners-Leereleased the World Wide Web [15℄, designed as an easy way to navigate through themassive amount of do
uments produ
ed by CERN, using hypertext. This 
on
ept,�rst 
on
eived in the 1940s [22℄, although the name \hypertext" was not 
oined until20 years later, meant any part of a do
ument, for example a referen
e to anotherdo
ument, 
ould link straight to that other do
ument, 
reating a tangled \web" ofdo
uments rather than the traditional hierar
hi
al stru
ture used previously. A fewyears later, with the introdu
tion of sophisti
ated web browsers and home Interneta

ess, the web really took o�.1.2 Current trendsSeveral new innovations in networked 
omputing have brought it into the eyes of thepubli
 and business as well as a
ademi
s. Various levels of hype have surroundedall these ideas at some point but ea
h of them is still relevant and they form the
ornerstones of Grid 
omputing.1.2.1 Web servi
esThe World Wide Web Consortium (W3C) [130℄ was formed in 1994 by Tim Berners-Lee to develop new standards and proto
ols for information ex
hange on the websu
h as the eXtensible Markup Language (XML). XML provides a general infrastru
-



1.2 Current trends 5ture on whi
h 
ommunities 
an base language to des
ribe their appli
ations, su
has Web Servi
es [131℄, whi
h enable appli
ations running on di�erent platforms orframeworks to 
ommuni
ate with ea
h other using de�ned means. Web servi
es arenow 
ommonpla
e among industry sin
e the de�ned standards and relatively smallresour
es required make them easy to build.1.2.2 Distributed 
omputingDistributed 
omputing has been given mu
h publi
ity by the SETI�Home proje
t [5,115℄, whi
h harnesses idle 
omputing resour
es to analyse radio signals from spa
e inthe hope of �nding messages from intelligent extraterrestrial life. Almost 5 millionpeople have 
ontributed to this proje
t so far. The 
lient software, whi
h a
ts as as
reen-saver when the 
omputer is not being used, fet
hes new data over the network,analyses it and sends the results ba
k to the 
entral server. Several other proje
ts havebeen developed using a similar idea, su
h as Folding�Home [55℄, whi
h runs proteinfolding simulations in the hope of understanding diseases like Alzheimer's, and Cli-matePredi
tion.net [39℄, whi
h explores the sensitivity of 
urrent 
limate models byrunning simulations thousands of times with slight 
hanges to the input parameters.This idea has also been used by parti
le physi
ists in the Distributed Parti
le A
-
elerator Design proje
t [45℄, whi
h simulates the pion-to-muon de
ay 
hannel whenprotons hit the target rod of the RAL Neutrino Fa
tory, in order to optimise theeÆ
ien
y of this stage of the a

elerator. Although parti
le physi
ists are looking toGrid 
omputing to solve their data analysis problems, the LHC�home proje
t [88℄was started in O
tober 2004 to run detailed simulations of the main LHC beam in or-der to study the stability of parti
le orbits around the ring, using the same te
hnologyas SETI�Home. These proje
ts rely on the interest of the publi
 and their willingnessto give up their spare 
omputing 
y
les, but for larger-s
ale proje
ts something morereliable and 
onsistent is required.



1.2 Current trends 61.2.3 Peer-to-peer 
omputingThe Peer-to-peer (P2P) networking model [102℄ forms a 
ompletely de
entralised sys-tem, where every host, or peer, has equal status to any other peer. The early Internetwas a P2P system with no 
entralised 
ontrol, but with the growth of the World WideWeb it evolved toward a 
lient/server model, with web browsers on users' home 
om-puters a
ting as 
lients, 
onne
ting to a web server hosting the required web page todownload information. P2P systems, however, enable dire
t 
ommuni
ation betweentwo peers and are symmetri
, meaning any peer 
an a
t as a 
lient or server. Themost 
ommon types of P2P appli
ations are �le sharing and distributed 
omputingand storage appli
ations. Proje
ts su
h as JXTA [109℄ are developing P2P proto
olsto enable P2P appli
ations to operate between anything from PCs to mobile phones.In 1999 Napster [95℄ was released, whi
h provided an easy way for users to sharemusi
 �les in MP3 format with other users around the world. When a Napster 
lientstarted running, it registered itself and the musi
 �les the user wanted to share to a
entral index server. When the user wanted to download a song, they sent a queryto this server, whi
h returned a list of other users sharing the �le. The user then
onne
ted dire
tly to another Napster 
lient to download the song.The dramati
 rise in popularity and media attention given to Napster-type �lesharing programs (there are over 100 available to date) has been mainly due to thefa
t that 
opyrighted material su
h and musi
 and �lms are freely available for anyonewith an internet 
onne
tion. Napster is not P2P in the stri
test sense, sin
e it uses a
entralised indexing server, but many of the new generation of �le sharing appli
ationsdo not use a 
entral server, rather they 
ommuni
ate dire
tly with other 
lients. Thismakes them true P2P appli
ations and also makes it very hard to prose
ute 
opyrightviolations by users, sin
e no one has overall 
ontrol of the system. Even though some
ompanies now run legal musi
 downloading servi
es (for example the re-laun
hedNapster and Apple's iTunes [6℄), other �le sharing programs have found new waysaround the law enfor
ers, su
h as FreeNet [38℄. It uses a 
ompletely de
entralisednetwork and en
rypted 
ommuni
ation between nodes, giving anonymity to all users.



1.3 Physi
s Experiments at the LHC 71.2.4 Grid 
omputingThe term Grid 
omputing �rst appeared in the late 1990s [57℄, the idea being to linktogether distributed heterogeneous 
omputational resour
es together to form a singleresour
e. The name Grid 
omes from analogy to the ele
tri
al power Grid, whi
hprovides reliable on-demand power to all 
onsumers; likewise the 
omputational Gridprovides an on-demand 
omputing utility [37℄. This idea had existed before under thename meta
omputing [117℄, where a meta
omputer was a network of heterogeneous
omputing resour
es transparently available to a user, and the Information PowerGrid [86℄. However, only now has the level of te
hnology and interest rea
hed a pointwhere Grid 
omputing 
an be seriously looked at as a solution to 
omputational anddata intensive problems. Several groups are working on the 
onstru
tion of Grids,mainly for s
ienti�
 proje
ts, but industry is be
oming in
reasingly involved in whatis seen as the next important phase in the evolution of 
omputing.The hype around Grid 
omputing has displa
ed the P2P hype but in realityGrid 
omputing is not about repla
ing 
urrent te
hnologies but harnessing them alltogether (
luster 
omputing, web servi
es, P2P et
.) to work as one uni�ed utility.1.3 Physi
s Experiments at the LHCAt CERN (the European Organization for Nu
lear Resear
h) [34℄ in Geneva, Switzer-land, 
onstru
tion is 
urrently underway of the Large Hadron Collider (LHC). TheLHC is a giant parti
le a

elerator, 
onsisting of a 
ir
ular tunnel with a 
ir
umfer-en
e of 27 km, around whi
h beams of protons (and heavy ions su
h as lead nu
lei)will be a

elerated in opposite dire
tions. At four points on the ring, the beamsof parti
les 
ross and 
ollide with ea
h other at extremely high energies to produ
emany other kinds of parti
les. Large dete
tors built around the 
ollision points 
anmeasure what happens in ea
h 
ollision and the data 
an be analysed to dis
over newphysi
s and 
on�rm (or disprove) existing physi
s theories.The experiments building ea
h dete
tor are ALICE [4℄, ATLAS [7℄, CMS [40℄ andLHCb [87℄, and ea
h is designed to study a di�erent area of parti
le physi
s. ATLASand CMS are \general purpose" dete
tors looking at into �elds ranging from Higgs



1.3 Physi
s Experiments at the LHC 8physi
s to supersymmetry, ALICE will examine heavy ion 
ollisions to study thestrong intera
tion at extreme energy densities, and LHCb will measure CP violationto very high pre
ision in the b-quark se
tor.

Figure 1.2: Cut-away view of the ATLAS dete
tor.A diagram of the ATLAS dete
tor showing its 
omponent parts is shown in Fig-ure 1.2. The dete
tor has a length of 42 m, a diameter of 22 m and a total weight of7000 tons. It has many di�erent parts, designed to dete
t di�erent types of parti
lesand all together they add up to 200 million individual dete
tor 
hannels.1.3.1 Data OutputIn the LHC a

elerator bun
hes of parti
les 
ross through ea
h other at a rate of 40million times per se
ond. Depending on the dete
tor, between 1 and 20 
ollisions, orevents, will o

ur ea
h time the bun
hes 
ross in one of the dete
tors. These veryhigh event rates are used be
ause the most important phenomena that the physi
istswant to observe o

ur with only a very low probability in any single event. Of themillions of events per se
ond, perhaps only 100 may be of spe
ial interest and these
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s Experiments at the LHC 9are sele
ted, using a fast real-time �ltering (triggering) system, for storage and lateranalysis. A �rst level of �ltering uses a subset of the dete
tor elements and looksfor basi
 physi
s properties of ea
h event, disregarding most of the events before anydetailed data pro
essing is performed. Se
ond and third level triggering is performedby massive 
omputational farms and these sele
t whi
h events are useful based onother 
al
ulated physi
s properties interesting to the parti
ular experiment.The measurements of ea
h event from the dete
tor elements are 
alled raw dataand the size of this raw data is between 125 KB and 25 MB per event, dependingon the experiment [16℄. However, most physi
s analyses do not look at the raw datadire
tly but use a number of re
onstru
ted data produ
ts whi
h summarise the datain some way. Physi
al quantities su
h as tra
ks, energy 
lusters and parti
le ID arere
onstru
ted from the raw data and this 
onstitutes Event Summary Data (ESD).The lo
ation of verti
es, invariant masses et
 are determined from the ESD to produ
eAnalysis Obje
t Data (AOD), and key parameters of ea
h unique event are storedas TAG data. Physi
s analyses tend to use the smaller data produ
ts, referring ba
kto the 
orresponding larger �les when ne
essary. The rough sizes of these sets ofsummary data for the CMS dete
tor are given in Table 1.1 (other experiments followroughly the same s
ale).Re
onstru
ted Data Produ
t Size (MB)Raw Data Event 1Simulated Event 2Data Event Summary (DST/ESD) 0.5Analysis Obje
t Data 0.1TAG Data 0.05Table 1.1: Sizes of re
onstru
ted data produ
ts for CMS. From [119℄.Event simulation also plays an important role in the physi
s analysis pro
ess,and this involves simulating the behaviour and output of dete
tor elements as eventso

ur, in order to test the e�e
tiveness of event re
onstru
tion algorithms. Theamount of data produ
ed by this pro
ess 
an be as mu
h as or greater than the
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s Experiments at the LHC 10amount of real data from the dete
tor itself. Furthermore, this data is produ
ed atmany di�erent sites around the world and must somehow be available to all users.Assuming an experiment running time of 100 days per year and 100 eventsre
orded per se
ond, roughly 109 raw events will be re
orded per year. If ea
h ofthese have a size of 1 MB, this means a total data size of 1 PB (1015 Bytes) per year,just for raw events. Fa
toring in the re
onstru
ted data produ
ts and the simulateddata, the four LHC experiments 
ombined are expe
ted to generate on the orderof 10 PB of data per year. This s
ale of data is unpre
edented in the high energyphysi
s 
ommunity, or in any �eld of s
ien
e. As a 
omparison, Run II of the CDFexperiment at FNAL whi
h has been going sin
e 2001 is expe
ted to produ
e around1 PB of data in its �rst few years of operation [89℄. A 
omparison of event rates andsizes for several past, 
urrent and future high energy physi
s experiments is shownin Figure 1.3. The event rate 
orresponds to the number of events output from thedete
tor after the �rst level trigger.
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Figure 1.3: Event rates and sizes for high energy physi
s experiments after the �rstlevel trigger. From [46℄.
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s Experiments at the LHC 11The blue shaded quadrant in the bottom left 
orner 
overs the s
ale of data forwhi
h traditional 
omputing models 
an be used, and these models were used for theexperiments 
ontained within this region. On this s
ale all the data 
an be storedon the site it was produ
ed and all the 
omputational analysis of the data 
an alsobe done on-site. The area within the dotted line en
ompasses experiments whi
h aremoving toward distributing data and/or analysis. Outside this area, the four LHCexperiments either have large event sizes (ALICE), large event rates (LHCb), or both(ATLAS and CMS) and are opting for a purely Grid solution.1.3.2 MONARC ModelThe MONARC (Models of Networked Analysis at Regional Centres for LHC Exper-iments) proje
t [94℄ was started in the late 1990s in order to develop a 
omputingmodel to handle the needs of these experiments. The �nal model produ
ed by theproje
t [2℄ was based on distributed 
omputing following a hierar
hi
al ar
hite
ture,
entred on CERN. A multiple tier system of hardware resour
es was proposed, 
om-posed as follows:� A 
entral Tier-0 site, hosted by CERN, with around 5,000 users.� Tier-1 Regional Centres, serving around 1000 users within a large geographi
region or a 
ountry.� Tier-2 
entres serve part of a geographi
 region, typi
ally about 200 a
tive users.� The 
omputing fa
ilities available at di�erent institutes 
onstitute the Tier-3
entres, 
on
eived as relatively small stru
tures 
onne
ted to a referen
e Tier-2Centre.� Users' personal desktops de�ne Tier-4 
entres.This ar
hite
ture is depi
ted in Figure 1.4. For ea
h level down the hierar
hy thesizes of resour
es available and the number of users de
reases by roughly a fa
tor of5. This hierar
hi
al ar
hite
ture allows the data produ
ed at CERN to 
ow downthe tiers, with di�erent types of data going to di�erent levels, for example ESD to
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Tier 3Figure 1.4: Ar
hite
ture of the MONARC 
omputing Grid model.Tier-1 and AOD to Tier-2 sites. Requests for data are propagated up the tiers untilthe data is found. In Figure 1.4 a user request for Event Summary Data ends at theUK Tier-1 site, from whi
h the user 
an a

ess the data dire
tly.Physi
ists are able to analyse the data e�e
tively no matter where they are lo-
ated and regional 
entres provide a way to utilise the expertise and resour
es residingin 
omputing 
entres throughout the world. It is diÆ
ult to 
on
entrate resour
es(not only hardware but more importantly, personnel and support resour
es) in a sin-gle lo
ation, and so a regional 
entre ar
hite
ture provides greater total 
omputingresour
es for the experiments by allowing 
exibility in how these resour
es are 
on-�gured and lo
ated. Also, physi
ists from all around the world 
an parti
ipate inanalysis e�orts without physi
ally being at CERN.
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hite
ture of the MONARC 
loud model showing the Tier-1 
louda

essible to all Tier-2 
entres.The original, stri
tly hierar
hi
al view has now 
hanged slightly so that the Tier-1
entres from a \
loud" from whi
h all Tier-2 
entres are linked, as shown in Figure 1.5.This means that Tier-2 
entres are not asso
iated with a spe
i�
 Tier-1 
entre and 
ana

ess the data shared among all of them. Also, most of the simulated data produ
edat Tier-2 sites 
an be repli
ated to a Tier-1 
entre and thus be made available to allusers.



1.3 Physi
s Experiments at the LHC 141.3.3 LHC Computing GridTo deploy, 
oordinate and manage the Grid resour
es required for LHC physi
s anal-ysis at di�erent 
entres, the LHC Computing Grid (LCG) proje
t was 
reated. It hasthe task of preparing the 
omputing infrastru
ture for the experiments and organisingthe libraries, tools, frameworks and middleware required to support the experimentappli
ations. It is grouped into 4 areas. The appli
ations area develops and managesthe appli
ations and servi
es 
ommon to all experiments. The 
omputing fabri
s areamaintains the hardware resour
es. The grid deployment area is responsible for pa
k-aging and deploying software, monitoring and user support. The grid te
hnology areaintegrates existing Grid te
hnologies into LCG.HardwareThe hardware resour
es on ea
h LCG Tier-1 and Tier-2 site today (2nd quarter 2004)and required by 2007 are shown in Tables 1.2 and 1.31. The 2004 �gures are basedon average values for all the sites listed in [82℄. Many Tier-2 sites do not intend tosupply tape storage, hen
e the average tape storage size is very low in Table 1.3.Hardware 2004 2007CPU 300 kSI2k 2000 - 2500 kSI2kDisk 40 TB 1.4 - 1.8 PBTape 180 TB 1 - 1.5 PB/yearTable 1.2: Hardware resour
es at Tier-1 
entres. From [82℄ and [119℄.Hardware 2004 2007CPU 90 kSI2k 300 - 500 KSI2kDisk 10 TB 300 - 500 TBTape 0.5 TB 100 - 150 TB/yearTable 1.3: Hardware resour
es at Tier-2 
entres. From [82℄ and [119℄.1CPU power units: A standard PC with a 1GHz pro
essor supplies around 0.5 kSI2k.



1.3 Physi
s Experiments at the LHC 15The target for 2007 is that Tier-2 sites should have roughly one-�fth of the re-sour
es of a Tier-1 
entre. The 
urrent resour
es almost mat
h this ratio but CPUresour
es are at roughly 20% of the 2007 target, while disk is only at 2% of therequired spa
e in 2007.
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RouterFigure 1.6: LCG testbed status at September 2004. (Figure by C. Ni
holson,from [99℄).The status of the LCG testbed in September 2004 is shown in Figure 1.6. Thereare 10 Tier-1 and 54 Tier-2 sites with 
ombined resour
es of 5509 kSI2k (from 14020worker nodes), 681 TB of disk spa
e and 2040 TB of tape spa
e. These �guresrepresent a snapshot in time of the rapidly evolving Grid.SoftwareThe Appli
ations area of LCG develops and maintains physi
s appli
ations softwareand infrastru
ture that is 
ommon among the LHC experiments. This software in-
ludes a persisten
y framework for 
reating a pool of persistent obje
ts, 
ore librariesand servi
es and simulation software. In terms of Grid software/middleware, LCG



1.4 Summary 16does not do any development but brings together existing produ
ts. LCG Grid soft-ware is based on the Globus Toolkit and Condor/Condor-G (pa
kaged within theVirtual Data Toolkit), whi
h are des
ribed in the next 
hapter, and middleware 
om-ponents from the European DataGrid, whi
h is the fo
us of Chapter 3.1.4 SummaryIn this 
hapter the 
on
ept of and motivations for Grid 
omputing have been out-lined. The evolution of 
omputing over the last 50 years has led to many ex
itingnew te
hnologies su
h as web servi
es and peer-to-peer 
omputing. Grid 
omputingaims to harness these to provide a 
omputation utility for s
ien
e and for industry.Similarly, parti
le physi
s has evolved substantially over the 50 years sin
e CERN was
reated and the parti
ular need for Grid 
omputing for the new LHC experiments
omes from the unpre
edented s
ale of data they will produ
e. Only by distributingthe 
omputational load globally 
an physi
ists 
ope with the requirements demandedby these experiments.
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Chapter 2
What is a Grid?
In this 
hapter the 
on
ept of a 
omputational Grid is explained in detail and variousviews on the de�nition of a Grid are dis
ussed, leading to a working de�nition thatwill be used for the rest of this thesis. The ar
hite
ture of a Grid 
an be splitinto several layers within whi
h 
omponents intera
t a

ording to 
ertain standards.The evolution of these standards is on-going but is 
onverging toward the 
ommonagreements ne
essary so that di�erent Grid proje
ts 
an work together.Many Grid proje
ts are 
urrently under development and the majority are basedon the Globus Toolkit, whi
h provides the low-level servi
es ne
essary to bind re-sour
es together into a Grid. The s
ienti�
 
ommunity and in parti
ular those in-volved in high energy physi
s have invested a lot of e�ort into Grid resear
h to ta
kletheir unique 
omputational and data needs.2.1 An Overview of the Idea of GridsComputational Grids started out being 
ompared to ele
tri
al power Grids, but therange of appli
ations and uses for a 
omputational Grid make it a far more 
omplexsystem than that simple analogy suggests. Consequently, there is mu
h heated debateover what exa
tly de�nes a Grid and to what spe
i�
ations one should be built.
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tri
al Power GridThe ele
tri
al power Grid [37℄ provides a 
onstant reliable sour
e of power for allele
tri
al appli
ations. Forty years ago, in [65℄, three key di�eren
es were madebetween the ele
tri
al power Grid and the 
omputational power Grid whi
h still holdtrue today. Firstly, to use the resour
es of the ele
tri
al power Grid, all the userhas to do is plug in the ele
tri
al item (TV, iron, kettle et
.) and throw a swit
h.Computers on the other hand are very 
omplex - even using a 
omputer whi
h is not
onne
ted to the (
omputational) Grid is not trivial - and thus a standard, easy touse way of a

essing the 
omputational Grid resour
es is required.All ele
tri
al devi
es 
onne
t to the ele
tri
al Grid in the same way using standardplugs, and transformers are used to 
ontrol the voltage required for ea
h appli
ation.Similarly, for the 
omputational Grid standard interfa
es to use the resour
es arerequired so that many di�erent types of appli
ations 
an make use of its power usingstandard means. Most ele
tri
al appli
ations around today were invented after themeans for supplying ele
tri
ity through a Grid, so the 
omputational power Grid
ould drive the invention of appli
ations spe
i�
ally designed to use it, rather thantrying to adapt existing appli
ations to �t into the Grid's way of working.Lastly, using ele
tri
ity is a one-way pro
ess - the user takes what is provided bythe power 
ompany and there is no feedba
k in the other dire
tion. But the a
tions ofthe 
omputational Grid are driven by the appli
ations - the user tells the Grid whatto do - so there has to be two-way 
ommuni
ation between the user and provider ofthe resour
e.The main point of these three di�eren
es is that a 
omputational Grid is more
omplex than the ele
tri
al power Grid, and the vision of simply plugging in to a

essworldwide 
omputational resour
es will take a long time to realise. The problems thatGrids must address 
an be summarised in four key issues:Heterogeneity. Many 
omputing te
hnologies exist in terms of ar
hite
ture, oper-ating system et
. and potentially many di�erent appli
ations 
ould make use of thesame 
omputational resour
es. The software running the Grid must be suÆ
ientlyadaptable that any system 
an be easily integrated into the Grid, and any appli
ation
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an easily plug-in to a

ess the resour
es.S
alability. It is expe
ted that Grids will grow over time, both in terms of thenumber and distribution of individual sites and the resour
e 
apa
ity at ea
h site.The resour
e management 
omponents must be designed to 
ope with a large andvarying number of resour
es and ensure ea
h resour
e is used to its full potential.Dynamism. The Grid is a far from stati
 environment. With so many resour
esoutside 
entral 
ontrol, the reliability of any resour
e 
annot be guaranteed and it isto be expe
ted that resour
es will 
ome and go periodi
ally. Even if resour
es fail at
riti
al points in the running of an appli
ation, the Grid must be able to seamlesslyre
over from the failure.Multiple Administrative Domains. The distributed resour
es on a Grid are verylikely to be owned by di�erent institutes or 
ompanies and therefore administereddi�erently a

ording to lo
al poli
ies. The Grid must ensure its resour
e usage poli
ies�t in with any lo
al poli
ies set by lo
al administrators.To satisfy all these requirements is a large 
hallenge and many 
urrent proje
ts
on
entrate on ful�lling one of these needs and for example impose limitations onthe types of operating systems that 
an be used on the Grid or do not provide anyme
hanisms for fault re
overy. While these are mainly experimental prototype Grids,in order to be useful and provide a true utility-like Grid all four of these requirementsmust be satis�ed.2.1.2 De�ning GridsThe de�nition of a Grid has now moved on from the simple analogy with the ele
tri
alpower Grid. In [60℄ the idea of virtual organisations (VOs) was introdu
ed. Theseare \dynami
 
olle
tions of individuals, institutions, and resour
es" for whi
h theGrid provides an infrastru
ture to solve their problems. A VO is de�ned by a set ofrules and 
onditions by whi
h they share the Grid resour
es and examples in
ludean international team 
ollaborating on the design of a new air
raft, a group usingsatellite imaging to study 
limate modelling, or members of an experiment in highenergy physi
s. With su
h a wide variety of VOs it is important to try to �nd setsof standards that are a

eptable to all and that enable interoperability of the Grid
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h of the VOs sharing its resour
es.For this to work, it is suggested that standard proto
ols and servi
es are de�nedwhi
h 
onne
t appli
ations to the Grid resour
es. Proto
ols de�ne how elements ina system intera
t with one and other and just as HTTP is the standard proto
ol forthe Web, a similar standard is required for Grid resour
es. Su
h a proto
ol shouldprovide me
hanisms to dis
over, share and give se
ure a

ess to these resour
es. Aservi
e provides a spe
i�
 
apability and is de�ned in terms of the proto
ol it usesto intera
t with users and other servi
es, and its expe
ted behaviour. Servi
es 
ouldfor example s
hedule 
omputational resour
es to users' jobs or repli
ate sets of data.In other words, a standard Grid 
an be thought of as appli
ations provided withstandard servi
es whi
h intera
t via standard proto
ols. The implementation of ea
hservi
e or proto
ol and how they are used is dependent on the individual appli
ationbut the way in whi
h ea
h servi
e is a

essed is the same for all.In [78℄ the requirements for a produ
tion Grid are dis
ussed whi
h leads to thede�nition of a minimum set of servi
es needed to support su
h a Grid. These in
luderesour
e dis
overy and s
heduling, a

ess to 
omputational and data resour
es, infor-mation monitoring, se
urity and system management. Providing these servi
es willmake the Grid a 
ommon infrastru
ture for all higher-level, or appli
ation-spe
i�
servi
es.A di�erent approa
h to de�ning a Grid is given in [97℄; rather than fo
us onhow a Grid is 
onstru
ted in terms of proto
ols, servi
es et
., a rigorous de�nitionis given of what a Grid should provide, i.e. the fun
tionality of the Grid instead ofthe 
omponents that form it. The Abstra
t State Ma
hine, whi
h formally modelsdistributed systems mathemati
ally, is used to examine an appli
ation exe
uting ina system, and determine whether the system ful�ls the 
riteria of a Grid.A simple three-point 
he
klist that 
hara
terises a Grid is given in [56℄. To betruly 
alled a Grid, a system must:1. Coordinate resour
es that are not subje
t to 
entralised 
ontrol. The resour
eson a Grid are owned and managed by di�erent institutes or 
ompanies but theGrid must manage a

ess to them and deal with issues of se
urity, payment,
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al poli
ies et
.2. Use standard, open, general purpose proto
ols and interfa
es. The proto
olsand interfa
es on a Grid must be standardised and a

epted by all, extensible,portable and interoperable.3. Deliver non-trivial qualities of servi
e. The Grid must ensure the required levelof resour
e availability, se
urity, throughput and response time for the users sothat the utility of the 
ombined system is signi�
antly greater than that of thesum of its parts.While these three 
hara
teristi
s 
an 
ertainly de�ne some Grids, espe
ially s
ien-ti�
 Grids, they 
an be a little too restri
tive or too vague for those in industry wishingto exploit Grid te
hnologies [62℄. For example, some Grids may need some 
entralised
ontrol to deliver the desired quality of servi
e and requiring open standards is a busi-ness model feature rather than a te
hnologi
al aspe
t of Grid ar
hite
ture.In summary, the de�nition of a Grid is still not entirely agreed upon. With su
ha new te
hnology and wide variety of uses, it is understandable that there is nooverriding de�nition that �ts all 
ases yet. Here, a working de�nition is used whi
hre
e
ts the idea of data-intensive 
omputing in the de�nition of a Data Grid.A Data Grid provides transparent se
ure a

ess to data stored a
ross geograph-i
ally distributed heterogeneous storage resour
es whilst ful�lling the three 
riteriades
ribed above: de-
entralised 
ontrol of resour
es, using standard open proto
olsand delivering non-trivial quality of servi
e.2.1.3 Grid ComponentsWhilst the ar
hite
ture of individual Grid proje
ts may vary, a general 
olle
tion of
omponents ne
essary for any Grid 
an be de�ned, from whi
h ea
h proje
t imple-ments its own version of ea
h 
omponent. The Grid ar
hite
ture 
an be split intodistin
t layers, ea
h with its own fun
tionality and Figure 2.1 shows these di�erentlayers and the 
omponents ne
essary within ea
h layer.The Grid Fabri
 is made up from the heterogeneous hardware resour
es and lo
almanagement systems for ea
h resour
e. Computational pro
essing power 
ould be
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Figure 2.1: The 
omponents required to 
onstru
t a Grid, split into layers 
ontainingAppli
ations, Grid Tools, Grid Middleware and Fabri
. Adapted from [8℄.provided by individual PCs or workstations running a variety of operating systems,or by a 
luster running its own internal resour
e management system su
h as Condoror PBS. The Grid fabri
 in
ludes storage fa
ilities, the method of storing data andthe data itself. Data 
an be stored in a database or �le system physi
ally lo
ated ona disk or tape drive. Instruments used to 
olle
t the data are also part of the Gridfabri
.Grid Middleware is what binds the Grid resour
es together into one unit. Usingthe information provided by ea
h part of the fabri
, it 
an enable se
ure eÆ
ienta

ess to the data and 
omputational resour
es. Servi
es in this layer in
lude se
urity
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es to 
ontrol a

ess rights, servi
es to provide information on the availableresour
es and data management servi
es to provide a

ess to the distributed data.Grid Tools provide ways for appli
ations to interfa
e to the Grid. These highlevel servi
es provide standard languages and libraries that allow appli
ations to bedeveloped whi
h 
an run on the Grid. Resour
e brokers 
ontrol the s
heduling needsof these appli
ations, using the information servi
es provided by the middleware layer,and monitoring servi
es feed ba
k information on the use of Grid resour
es.Grid Appli
ations are the programs that will run on the Grid to solve the larges
ale problems of s
ientists and engineers. They are written spe
i�
ally for the Gridusing the 
omponents in the Grid Tools layer and should give the user transparenta

ess to the Grid's resour
es.Clearly there are a large number of 
omponents ne
essary to build a Grid and thereare many 
omplex intera
tions between them. The only way that Grids 
an develop
oherently is if they all follow agreed sets of standards - this way interoperability anda

eptan
e by the wider 
ommunity is made easier.2.2 De�ning Grid StandardsStandards groups exist to provide frameworks and rules around whi
h people developtheir own implementations. The more people that agree to follow a standard, the moreimplementations of it will be produ
ed, hen
e more people use the implementations,so more people agree to follow the standard and so on. The problem is to gain theinitial momentum and 
riti
al mass ne
essary before the standard be
omes widelyenough a

epted that it truly is a standard.2.2.1 Internet Standards BodiesInternet standards bodies have been around for years and have helped to standardisethe way that appli
ations integrate into and use the Internet. Groups su
h as the Or-ganization for the Advan
ement of Stru
tured Information Standards (OASIS) [103℄,whi
h tries to drive the adoption of e-business standards, and the Distributed Man-agement Task For
e (DMTF) [44℄, an industry organisation leading the development



2.2 De�ning Grid Standards 24of management standards, and the Internet Engineering Task For
e (IETF) [73℄ haveall provided de�ned means by whi
h people 
an exploit the Internet.The World Wide Web Consortium (W3C) [130℄ 
reates standards for the Web,by developing spe
i�
ations, guidelines, software and tools for getting the most outof the Web. One of their most popular standards is the eXtensible Markup Language(XML), a 
exible text-based des
ription language. It was originally designed fordes
ribing do
uments but grew to des
ribe any kind of data and is now 
ommonlyused for message ex
hange over the Web by appli
ations su
h as Web Servi
es. It isthis kind of open, versatile and easy-to-use standard that it is hoped Grid standardsbodies will be able to develop.2.2.2 The Global Grid ForumBe
ause so many diverse Grids are evolving, it was important to start early to de�neGrid standards. The Grid Forum was 
reated in 1999, be
ame the Global Grid Forum(GGF) [32, 63℄ in 2000, and bases its stru
ture on the IETF. It is a 
ommunity ofresear
hers and pra
titioners from a
ademia and industry and its aim is to promotethe development of Grid te
hnologies via the 
reation of te
hni
al spe
i�
ations andguidelines. It is organised into working groups and resear
h groups whi
h investigatea range of topi
s related to distributed Grid systems and produ
e \best pra
tises"and re
ommendations for the implementation of Grid software. Working groups areshort lived (up to 2 years) and fo
us on a parti
ular problem for whi
h they generallypropose te
hni
al spe
i�
ations or re
ommendations do
uments. Resear
h groupslast inde�nitely and address longer-term problems whi
h 
annot be solved in a shortperiod of time. They produ
e mainly informational do
uments but may \spawn" aworking group to look at some spe
i�
 part of the problem.The large range of areas 
overed by the GGF in
lude ar
hite
ture, s
hedulingand resour
e management, se
urity, appli
ations and programming environments,information systems and data management. The 28 working and 27 resear
h groups(as at September 2004) in these areas 
over many aspe
ts of Grids and have produ
edmany standards whi
h are used in Grid proje
ts around the world.
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esThe most well-known standards 
urrently are the Open Grid Servi
es Ar
hite
-ture/Infrastru
ture (OGSA/OGSI) standards [58℄. The OGSA working group de�nedthe motivation and requirements for the standard [59℄ and the OGSI working groupfo
used on its te
hni
al implementations [125℄. The basi
 idea of OGSA is that ev-erything on the Grid (
omputational and storage resour
es, appli
ations, programs,databases et
.) is represented by a servi
e - an entity that provides some 
apabilitythrough the ex
hange of messages. Taking a servi
e-oriented view is one solution tothe requirement for interoperability in a Grid environment, sin
e it allows standardinterfa
e de�nitions for servi
es behind whi
h 
an lie a range of di�erent implemen-tations of the servi
es. This enables 
onsistent transparent resour
e a

ess a
rossmultiple distributed platforms on the Grid.These Grid Servi
es are de�ned as Web servi
es that provide a set of well-de�nedinterfa
es that follow spe
i�
 
onventions. The Web servi
es framework provideseÆ
ient me
hanisms for registration and dis
overy of servi
es by de�ning interfa
ede�nitions separately from their parti
ular implementation. The Grid servi
e im-plements one or more interfa
es whi
h de�ne some set of operations whi
h 
an beinvoked through messages. The OGSA framework also provides Grid servi
es to han-dle other Grid servi
es, su
h as fa
tory servi
es for 
reation and servi
es to managethe lifetime of transient servi
es. The servi
e de�nitions provided by OGSA are ratherlow level and are intended to be used as building blo
ks for higher-level servi
es likedata management or monitoring servi
es. But the 
exibility of the framework meansthat these servi
es 
an be implemented in any number of di�erent ways, while stillexposing the standard interfa
es whi
h enable interoperability between them all.2.2.4 Web Servi
es Resour
e FrameworkWhilst addressing the 
omplete range of aspe
ts, the s
ope of OGSA was thoughtto be too broad, and developments in Web Servi
es te
hnology, parti
ularly WS-Addressing, whi
h provides a transport-neutral way to address Web Servi
es, havesuperseded a lot of the OGSA spe
i�
ation. As a response to this, in early 2004 the
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ts 26Globus Allian
e and IBM released the spe
i�
ations for the Web Servi
es Resour
eFramework (WS-RF) [41℄, whi
h attempts to bridge the gap between Web and Gridservi
es. The WS-RF approa
h is 
on
erned with stateful resour
es in a Web servi
e
ontext, that is Web servi
es that have the ability to a

ess and manipulate state(data values that persist a
ross and 
hange due to Web servi
e intera
tions).WS-RF de�nes 
onventions that enable the dis
overy of and intera
tion with su
hstateful resour
es as might be found on a Grid. The te
hni
al spe
i�
ations withinWS-RF address resour
e lifetime, resour
e properties, stale resour
e information, het-erogeneous Web servi
e 
olle
tions and resour
e fault me
hanisms. WS-RF has beentermed a \refa
toring" of the OGSI 
on
epts to exploit the re
ent Web servi
e devel-opments whi
h have made some parts of OGSI redundant. The greater relian
e ona

epted Web servi
es standards rather than emerging Grid standards also providesa simpler way for developers to integrate their appli
ations into the Grid.2.2.5 The Enterprise Grid Allian
eThe Enterprise Grid Allian
e [50℄ is an industry-led 
onsortium aimed at developingGrids for 
ommer
ial enterprises. Like the GGF, they en
ourage the adoption ofte
hni
al standards and te
hnologies for enterprise Grids. By in
reasing awareness ofGrid 
omputing to business, they also hope to a

elerate the move of industry intoGrid 
omputing, and de�ning 
lear open standards is part of this.2.3 Past and Current Grid Proje
tsThere are a large number of Grid proje
ts worldwide working on di�erent aspe
ts ofGrid 
onstru
tion. Some are 
reating appli
ations, some the Grid middleware to runthe Grid, some are building the physi
al resour
es ne
essary and some are 
ombiningall three in one proje
t.2.3.1 Grid Middleware and ToolsThe main fo
us of this se
tion will be on the tools that the European DataGrid (thesubje
t of Chapter 3) is built on, namely Globus and Condor/Condor-G, but other
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ts 27histori
al and 
urrent developments will also be mentioned.Globus ToolkitThe Globus Allian
e [64℄ is 
ondu
ting resear
h into and developing Grid te
hnologies.They assist in building large-s
ale Grid testbeds and develop Grid-enabled appli
a-tions, but their main produ
t is the open-sour
e Globus Toolkit. It in
ludes softwareand libraries for resour
e monitoring, dis
overy and management, se
urity and �lemanagement and it is pa
kaged as a set of 
omponents whi
h Grid developers 
anuse to build appli
ations. Through working with the GGF, the Globus Allian
e aimsto provide the standard set of servi
es and proto
ols whi
h allows seamless a

ess toGrid resour
es.The European DataGrid is based on version 2 of the toolkit, released in 2002,whi
h provided an implementation of all the basi
 servi
es required to build the 
oreelements of a Grid. Version 3 of the toolkit was the �rst full-s
ale implementationof OGSA and version 4 will follow the Web Servi
es Resour
e Framework whi
h hasovertaken OGSA as the standard for Grid servi
es intera
tions. The ar
hite
ture ofthe Globus Toolkit 
an be split into several servi
e layers, illustrated in Figure 2.2.
Security Services

Data Services

Other Grid Services

Base Services

CoreFigure 2.2: The Grid servi
es layers in the Globus Toolkit.Starting from the bottom, the Core servi
es are the basi
 infrastru
ture neededto build any other Grid servi
es. The Core 
ontains system-level servi
es to intera
twith the servi
es hosting environment (a web servi
e engine su
h as Tom
at) andmanagement servi
es to a
tivate and dea
tivate servi
e instan
es. Se
urity servi
es
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ts 28whi
h use the Grid Se
urity Infrastru
ture 
ontrol a

ess rights to Grid servi
es forindividual users and 
olle
tive groups of users. The base servi
es layer 
ontains manyservi
es for managing Grid jobs. It provides the Globus Resour
e Allo
ation Manager(GRAM) servi
e to monitor and 
ontrol jobs, an index servi
e to provide informationon available resour
es and the GridFTP �le transfer servi
e to move data around.Data servi
es help keep tra
k of data on the Grid using a Repli
a Lo
ation Servi
e(RLS)1 and allow di�erent sets of data to be 
olle
ted into subsets for a job to workon. Other Grid servi
es in
lude higher level job handling and reporting servi
esinterfa
e between these layers of Grid servi
es and the user appli
ations.Condor-GThe Condor proje
t [90℄ develops me
hanisms to support high throughput 
omput-ing, where high performan
e 
omputing 
apabilities are required for long periods oftime. Condor provides a full workload management system in
luding a job queue-ing me
hanism, s
heduling poli
y and job priority s
hemes, resour
e monitoring andresour
e management for 
lusters of networked 
omputers. It 
an be used with anygroups of 
omputers, even those linked together di�erently from traditional 
lusters,to harness CPU power from unused resour
es. For example, a 
luster for students ina university may be busy during the day but idle at night, hen
e Condor 
an harnessthese unused CPU 
y
les for 
omputationally-intensive jobs.The Condor-G system [61℄ 
ombines features of Condor and Globus to provide afull Grid resour
e management system. The lo
al 
luster management 
apabilities ofCondor are used in 
onjun
tion with the ability of Globus to deal with se
urity andresour
e dis
overy and a

ess in a multi-domain environment. This means that, to theuser, the resour
es spread a
ross multiple domains appear as if they are all 
ontainedwithin a single domain and Condor-G handles all aspe
ts of job management, resour
esele
tion, se
urity and fault toleran
e.1Both Globus and the European DataGrid proje
t have their own implementations of the RLSframework whi
h they 
o-developed. The EDG RLS is des
ribed in detail in the next 
hapter.
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ts 29OthersLegion [69℄ was one of the �rst proje
ts to look at meta
omputing (an early term forGrid 
omputing) and aimed to enable a metasystem of heterogeneous, distributed,high-performan
e 
omputers to intera
t with ea
h other to form a world-wide virtual
omputer. Legion is organised into 
lasses and meta
lasses (
lasses of 
lasses). Allsoftware and hardware 
omponents are obje
ts and they respond to method invo
a-tions from other Legion obje
ts. APIs are de�ned for intera
tion between obje
ts,but not the language in whi
h they are implemented or a 
ommuni
ation proto
ol.Ea
h obje
t has its own 
lass obje
t whi
h 
an 
reate new instan
es and provide stateinformation about the obje
t. Sin
e the system is obje
t-oriented users 
an overridethe fun
tionality of a 
lass with their own and this design means fun
tionality and
omponents 
an be added or removed as required.The Grid E
onomy proje
t [23℄ is 
ondu
ting resear
h into developing e
onomy-based resour
e management and s
heduling systems for Grids. The ar
hite
ture isbased on the Grid Ar
hite
ture for Computational E
onomy (GRACE) whi
h 
on-tains a Resour
e Broker, proto
ols and a manager for resour
e trading and an infor-mation system provided by Globus MDS [54℄. The Nimrod/G Resour
e Broker [24℄was developed as part of this proje
t. It uses an e
onomi
 model for resour
e s
hedul-ing whereby the user or appli
ation spe
i�es a desired quality of servi
e with 
ertaindeadline or budget 
onstraints, then the resour
e broker �nds the appropriate resour
eto mat
h. Lower level servi
es from for example Globus provide resour
e dis
overyme
hanisms and the GRACE servi
es are used to trade between the resour
e ownersand resour
e broker.The NetSolve system [31℄ enables users to a

ess 
omputational resour
es dis-tributed around a network (lo
al or wide area) to run jobs remotely. It employs aload-balan
ing poli
y to make sure the available resour
es are used as eÆ
iently aspossible and is based on a 
lient-server approa
h. A request to use a remote resour
eis sent from a NetSolve 
lient to a NetSolve agent, whi
h 
hooses the best resour
eto solve the problem. It was mainly intended for solving 
omputationally-intenses
ien
e problems; therefore using the C, Fortran or MATLAB 
lients the user 
an ask
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ts 30NetSolve to solve a parti
ular equation. NetSolve 
an use any remote host with as
ienti�
 linear algebra pa
kage installed to solve the equation and returns the resultto the user.PUNCH [81℄ is a platform for Internet 
omputing a

essible via any Web browser.It dynami
ally assembles virtual systems at run-time, given the requirements of thejob, to give the user a virtual desktop on whi
h to run their appli
ation. After veri-fying the user is allowed to run the appli
ation, PUNCH sear
hes for an appropriatema
hine for the job. It uses a virtual �le system servi
e to mount the disks with therequired data and appli
ation 
ode on to the ma
hine. It then starts the ma
hinerunning the appli
ation and routes the display ba
k to the user's terminal.2.3.2 Grids for S
ien
eThe �rst Grids were 
on
eived by 
omputing s
ien
e, but physi
al s
ien
es providedthe need for them. The s
ale of s
ienti�
 experiments has grown so fast that tradi-tional methods of 
omputing used to solve problems are inadequate. In high energyphysi
s in parti
ular, the size in terms of the data produ
ed by the experiments andthe number of institutes and resear
hers involved in ea
h experiment brought theneed for distributed 
omputing, and now drives Grid development. Hen
e the �rstprototype Grids are being developed by s
ienti�
 proje
ts and the su

ess of theseproje
ts will be regarded as a ben
hmark of the potential of Grid 
omputing for otherareas of life.The Information Power GridNASA is developing the Information Power Grid (IPG) [96℄ to in
rease their ability tosolve their large data and 
omputationally intensive problems. They are 
reating aninfrastru
ture to integrate the resour
es at geographi
ally distributed NASA 
entresto provide a 
ommon resour
e, while still allowing lo
al 
ontrol over these resour
es.The Globus Toolkit is being used as the basis for the software running the IPG andon top of this NASA will build the fa
ilities for 
onstru
ting 
ollaborative problem-solving environments.
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ts 31NEESgridThe Network for Earthquake Engineering Simulation Grid (NEESgrid) [98℄ is beingset up to link together earthquake resear
hers and their distributed instruments and
omputational resour
es. NEESgrid provides a shared infrastru
ture to help thes
ientists build more 
omplex and a

urate models and simulations of the results ofearthquakes on people and property.Earth System GridThe latest high-resolution long-duration simulations performed by 
limate resear
hersprodu
e tens of petabytes of data. The Earth System Grid (ESG) [47℄ will make thisdata available to teams of distributed resear
hers so that the data sets be
ome 
om-munity resour
es easily available to all the ESG 
ollaborators. The ESG integratesand extends a range of Grid te
hnologies in
luding the Globus Toolkit for resour
edis
overy, a

ess and authenti
ation.2.3.3 Grids for Parti
le Physi
sHigh energy parti
le physi
s has a unique need for Grid 
omputing. The amountof data produ
ed by the next generation of experiments is far greater than 
an behandled by traditional 
omputing models. Several loosely-
onne
ted proje
ts areaiming to solve the 
omputational requirements of the high energy physi
s 
ommunity.GridPPGridPP [66℄ is the UK Grid for Parti
le Physi
s. It aims to build a Grid from resour
esat UK institutes for analysis of physi
s data from experiments in the LHC at CERN(see Se
tion 1.3) and others. GridPP is helping to build appli
ations for physi
sanalysis using the Grid, 
ontributing to middleware development, and providing thehardware infrastru
ture at the di�erent institutes.
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ts 32GriPhyNThe Grid Physi
s Network (GriPhyN) [67℄ is mainly 
on
erned with providing a

essto Virtual Data for US physi
ists working on two of the LHC experiments (CMS andATLAS), the gravitational wave experiment LIGO and the Sloan Digital Sky Survey.Virtual Data means that the 
ommunity of resear
hers has a

ess to a very largevirtual spa
e of data 
reated from the real experimental data whi
h is geographi
allydistributed. GriPhyN is 
reating a Virtual Data Toolkit to enable this seamless a

essto distributed data.PPDGThe Parti
le Physi
s Data Grid (PPDG) [106℄ is a 
ollaboration of several Ameri
anlaboratories and universities 
reating produ
tion Grid systems for parti
le physi
sanalysis from several experiments. It brings together several existing Grid tools su
has Condor and the Globus Toolkit and uses them to build appli
ations for the USparti
le physi
s 
ommunity.Grid3Grid3 [68℄ worked with GriPhyN and PPDG to deploy and manage a Grid spreadover 25 sites in the US and South Korea. Various appli
ations from physi
s, as-trophysi
s, biology and astronomy are using this fa
ility for analysis of large-s
ales
ienti�
 problems.Open S
ien
e GridThe Open S
ien
e Grid (OSG) [101℄ aims to link together the infrastru
ture andthe appli
ations provided by the above three proje
ts to provide a framework forall s
ienti�
 Grid e�orts in the US. Its main task is to provide 
oordination and aforum for rea
hing 
ommon de
isions among the many individual organisations andinstitutes involved.
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ts 33SAM-GRIDThe Sequential A

ess to Metadata (SAM) proje
t [9℄ has developed a distributeddata management system for the data produ
ed by physi
s experiments at FNAL.SAM aims to transparently deliver and manage data 
a
hes on heterogeneous systemsor \stations" where SAM is deployed, bringing together the ne
essary pro
essing anddata resour
es for the physi
s analysis job. SAM-GRID [10℄ builds on SAM to provideGrid job submission, management and information servi
es. SAM takes 
are of datamanagement while Condor/Condor-G and GRAM handle the resour
e brokering andjob submission.LCGThe LHC Computing Grid (LCG) was dis
ussed previously in Se
tion 1.3.3. Its maintask is the deployment of existing Grid middleware in a 
onsistent pa
kage, 
reatinga Grid for the analysis of data from the LHC experiments. It uses the Globus Toolkitand Condor-G along with servi
es developed by the European DataGrid.EDGThe European DataGrid (EDG) proje
t [52℄ was set up to enable a

ess to geograph-i
ally distributed 
omputing resour
es for three data-intensive appli
ations: high en-ergy physi
s, biologi
al and medi
al image pro
essing and Earth observation s
ien
e.It has developed middleware servi
es based on the Globus Toolkit but enhan
edto re
e
t the data-led approa
h required by the appli
ations and the hierar
hi
alMONARC model for high energy physi
s experiments des
ribed in Se
tion 1.3. EDGis the fo
us of the next 
hapter and will be des
ribed in more detail there.EGEEThe Enabling Grids for E-s
ien
e in Europe (EGEE) proje
t [49℄ is a 
ontinuation ofmany of the 
on
epts formed in EDG and aims to 
reate a 24 hour produ
tion Gridfor s
ientists around Europe. It mainly develops and supports middleware whi
h isdeployed on Grids by proje
ts su
h as the LCG.
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ial GridsMany 
ompanies are now o�ering Grid solutions to the 
omputation and data han-dling needs of industry. Platform Computing o�er a 
ommer
ial distribution of theGlobus Toolkit whi
h in addition 
ontains their own Community S
heduler Frame-work for job s
heduling. IBM's Grid Toolbox is also based on the Globus Toolkit,providing a set of OGSA-
ompliant Grid servi
es integrated into their WebSphereAppli
ation Server that businesses 
an use to Grid-enable their appli
ations.Avaki, a 
ommer
ial spin-o� from the Legion proje
t, fo
uses on simplifying a
-
ess to data from multiple heterogeneous sour
es. A data servi
e layer lies betweenany number of data sour
es and any number of data appli
ations and for the appli
a-tions it appears as if there is one virtual data sour
e. Entropia's DCGrid is similar toCondor, harnessing unused 
y
les of PCs on a 
ompany's network to run 
omputa-tionally intensive programs. It provides me
hanisms for job prioritising, monitoringand res
heduling if the resour
e be
omes unavailable or starts being used again.Whilst there are several 
ompanies o�ering Grid software, the s
ale of investmentfrom industry into the hardware infrastru
ture is small 
ompared to that of a
ademi
resear
h or government funded Grids. The main reasons are that the te
hnologyto run Grids has yet to prove itself reliable or 
heap enough to develop to justifythis s
ale of investment from industry. The a
ademi
 
ommunity will �rst provewhether Grid te
hnology is useful, then 
ommer
ial enterprises will show whether itis pro�table.2.4 SummaryFinding an answer to the question \What is a Grid?" on whi
h everyone agreeshas been shown to be very diÆ
ult. Saying that it is just like the ele
tri
al powerGrid is too simple an answer to a 
omplex problem. However, with the help of agreedupon standards dis
ussed among di�erent interests in forums su
h as the Global GridForum 
onsensus 
an emerge on the way 
ertain things should happen within a Grid.Ar
hite
ture standards su
h as OGSA give some basis for everyone to work from, butare unrestri
tive enough in their implementation that any \Grid" proje
t 
an easily



2.4 Summary 35�t around them.Due to the s
ale of many Grid proje
ts, these standards take a long time to adopt,and for many businesses, the idea of using Grid 
omputing still seems a long way inthe future. So whether the 
urrent standards su
h as OGSA or WS-RF will be thestandards of tomorrow remains to be seen. It 
an only be assumed that if and whenGrid 
omputing takes o�, it will be obvious what the best (and most pro�table) wayis to do it and then using it will eventually be as simple and transparent as using theele
tri
al Grid.
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Chapter 3
The European DataGrid
The European DataGrid (EDG) [52℄ proje
t was funded by the European Unionto provide to s
ienti�
 resear
hers the means to a

ess geographi
ally distributed
omputational and storage fa
ilities. It was driven by the huge data handling needsof three �elds of s
ien
e: high energy physi
s, biologi
al and medi
al image pro
essing,and Earth observation s
ien
e, and ran from January 2001 to Mar
h 2004.The s
ale of the data produ
ed by the latest experiments in these areas meansthat it is not feasible to store it or perform analysis on it at a single site. EDG hasenabled resour
es distributed over multiple sites to be linked together and a

essedin a uniform, transparent way by developing Grid middleware for the purposes ofse
ure resour
e a

ess and dis
overy, data management and information monitoringamong multiple heterogeneous resour
es.EDG was split into Work Pa
kages (WPs) to 
over the di�erent areas of develop-ment. A WP existed for ea
h of workload management, data management, informa-tion servi
es, fabri
 management, mass storage management, network servi
es andtestbed management. There were three WPs to represent ea
h of the appli
ationsand a proje
t management WP. The Ar
hite
ture Task For
e and Quality Assuran
eGroup, responsible for overall ar
hite
ture and design and quality 
ontrol respe
tively,both 
ontained a member from ea
h te
hni
al WP.EDG 
ontributed heavily to de�ning standards in the Global Grid Forum andthere were many 
ollaborations between members of EDG and other Grid proje
ts.
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ations on middleware and other Grid topi
s writtenby EDG members. This 
hapter des
ribes the 
omponents developed by ea
h of theWork Pa
kages and in parti
ular the data management servi
es fromWork Pa
kage 2.3.1 Middleware DevelopmentThe ar
hite
ture of EDG [48℄ and the remit of ea
h middleware WP 
an be illus-trated by the Grid Middleware se
tion of Figure 2.1, along with some pie
es of thesurrounding Grid Tools and Fabri
 se
tions. The relevant ar
hite
ture area is shownagain in Figure 3.1.
Security Information Data Management Communication QoS...Resource Access

Resource Brokers

Local Resource Managers

Security Layer

Grid Middleware

Fabric

Distributed Resource Coupling Services

Grid Tools

Figure 3.1: The area of Grid ar
hite
ture 
overed by EDG.The 
omponents developed by EDG to implement this ar
hite
ture and their inter-a
tions are shown in Figure 3.2. The next se
tions des
ribe ea
h of these 
omponentsin detail.3.1.1 Computing ElementA Computing Element (CE) represents 
omputing resour
es. It has the task of link-ing 
omputing nodes in the fabri
 into the Grid in order that the middleware 
an gainknowledge of these resour
es and use them for Grid jobs. The CE 
onsists of a Gate-keeper through whi
h all 
ommuni
ation between Grid and non-Grid 
omponents
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Figure 3.2: Grid middleware 
omponents developed by EDG and their intera
tions.must pass and a Job Manager, whi
h interfa
es to the lo
al resour
e managementsystem (RMS) on the site. This is illustrated in Figure 3.3.
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Figure 3.3: The Computing Element and its relationships with Grid and non-Grid
omponents.Grid jobs whi
h must run on a 
omputing resour
e are submitted by the Workload
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h �rst 
he
ks whether the owner of thejob is authorised to use the resour
e a

ording to the lo
ally de�ned poli
y stored inthe Lo
al Centre Authorization Servi
e (LCAS). This poli
y may spe
ify a fair-sharepoli
y so that 
ertain Virtual Organisations (VOs) are alloted 
ertain per
entages ofresour
e usage or keep a list of users who are banned for abuse of Grid resour
es. Ifthe job is allowed a

ording to the poli
y, the job owner is mapped to a lo
al a

ountusing the Lo
al Credential Mapping Servi
e (LCMAPS) so the job 
an run on thelo
al system and a Job Manager is started to handle the lo
al exe
ution.The physi
al 
omputational resour
es may be 
lusters managed by a lo
al bat
hsystem su
h as PBS or Condor, or stand-alone PCs. The Job Manager enables theGrid job to be exe
uted on any of these systems so that the 
on�guration of a site'sresour
es is 
ompletely transparent to the Grid middleware and the user. It handlesthe submission of the job to the lo
al Resour
e Management System (RMS), providesmonitoring information during the lifetime of the job and information on any output�les produ
ed.3.1.2 Workload Management SystemThe appli
ation jobs running on the Grid have di�ering requirements on the resour
esthey use, for example there may be a minimum memory or CPU 
lo
k speed require-ment for the job. The Workload Management System (WMS) has the responsibilityof mat
hing resour
es to requirements in su
h a way that the resour
es are used ef-�
iently but usage limits are not ex
eeded. It also submits and monitors jobs viaintera
tions with the CE and maintains a persistent database of job information toenable re
overy in the 
ase of job failure.The WMS intera
ts with several other Grid middleware 
omponents as shownin Figure 3.2: the Information System to obtain information on the Grid resour
esavailable and their 
hara
teristi
s, the Data Management Servi
es to learn informa-tion on the lo
ation of data required for the job, the CE to submit and monitor jobsand se
urity servi
es for user authenti
ation and authorisation. To a user, howeverthis is all transparent. They supply the des
ription of the job and its requirements inJob Des
ription Language (JDL) to the user interfa
e 
omponent of the WMS and



3.1 Middleware Development 40the intera
tions between other servi
es are dealt with by the WMS itself.The Resour
e Broker (RB) is the \intelligent" part of the WMS. It is responsiblefor optimising the use of Grid resour
es through eÆ
ient mat
h-making between jobsand resour
es. It gathers information on all the possible resour
es that satisfy the JDLrequirements and ranks them a

ording to for example the time to a

ess the requireddata or any number of s
heduling strategies that are easily inter
hangeable withinthe RB. On
e mat
h-making has been 
ompleted, job management is done usingCondor-G [61℄ whi
h forwards in
oming requests to the Gatekeeper of the 
hosenCE.3.1.3 Storage ElementThe Storage Element (SE) provides transparent a

ess to data stored in several typesof mass storage systems using a uniform interfa
e based on the Storage Resour
eManager (SRM) model [116℄. It 
an be thought of as a layer between the Gridmiddleware servi
es and storage, but does not store �les itself. In the SRM modelthe 
ontrol interfa
e for �le 
reation, a

ess and 
opying is separate from the datatransfer whi
h is 
arried out via separate proto
ols. Given a request for a data �le,the SE 
a
hes the �le and returns a Transport URL (TURL) whi
h 
an be used toa

ess the �le, a

ording to the spe
i�ed data transfer proto
ol, su
h as GridFTP.The SE is not an exa
t implementation of the SRM interfa
e, but it performsmost of the 
ore tasks and 
an provide extra fun
tionality that is easy to implementsin
e it is not reliant on the SRM standard. The �rst SE interfa
e used a simple XMLmessaging system but as Web Servi
es be
ame widely used by other data management
omponents, a Web Servi
e implementation of the SE interfa
e was 
reated. The �nalSE release enabled �le a

ess from and adding �les into mass storage and third-party�le transfer between two SEs.3.1.4 Information SystemThe information system developed by EDG is the Relational Grid Monitoring Ar
hi-te
ture (R-GMA) whi
h a
ts as both an information and monitoring servi
e. Grid
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es 
an supply information about themselves and gain informationabout other servi
es through R-GMA. R-GMA is based on the Grid Monitoring Ar-
hite
ture (GMA) de�ned by the GGF, shown in Figure 3.4. In this model, Produ
ersof information make themselves known to a Registry. Consumers of information senda query to the Registry, whi
h �nds suitable Produ
ers to answer the query. Therelational version implemented in R-GMA means global queries 
an be made over allpublished information.

and information
event publication

and information
event publication

Directory
Service

Producer

Consumer

events

Figure 3.4: The Grid Monitoring Ar
hite
ture implemented in R-GMA.There are two means of information update between Consumers and Produ
ers: inthe pull model the Consumer regularly queries the Produ
er for the latest informationwhi
h may be the same or di�erent from the previous query. In the push model theConsumer asks that it be updated whenever the information that it is interested infrom the Produ
er 
hanges.3.1.5 Network MonitoringNetwork monitoring is used to provide information on how network resour
es arebeing used to Grid users, other middleware servi
es and network administrators.The network monitoring ar
hite
ture 
an be divided into measurement, 
olle
tionand visualisation/pro
essing layers, as shown in Figure 3.5.The measurement layer 
onsists of a set of tools developed in and external to
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PCPFigure 3.5: Ar
hite
ture of the EDG network monitoring servi
es.EDG for measuring various aspe
ts of network usage. Intrusive tools su
h as Iperf,UDPMon and PingER measure available bandwidth throughput and round trip timebetween sites for TCP and UDP network proto
ols. A Probes Coordination Proto
ol(PCP) is used to 
oordinate the s
heduled use of the di�erent tools so that their resultsdo not interfere with ea
h other. Passive performan
e statisti
s are also 
olle
ted fromGridFTP transfer logs.The raw data 
olle
ted in the measurement layer is stored and made availableto other Grid servi
es in the pro
essing layer using R-GMA. Within R-GMA thisinformation is mapped to CEs and SEs so that network information 
an be used bydata management servi
es to predi
t data transfer times between CEs and SEs.The data is presented to users and administrators in the visualisation layer. Aweb browser 
an be used to view the status of the testbed using the MapCentertool and the ar
hive of measurements using a graphi
al interfa
e. This interfa
e 
andisplay a range of information in
luding a matrix of site to site throughput or totalGrid traÆ
 per day. Su
h information 
ould be used, for example, to tune parametersof GridFTP su
h as the number of parallel streams used.
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e provided by network monitoring is the estimate of \network
osts" for �le transfers between two sites, i.e. the time to 
opy a �le between twolo
ations based on the throughput observations between the sites. This is used bythe optimisation 
omponent of the data management servi
es (des
ribed in detailbelow) whi
h uses these 
ost estimates to 
hoose the best �le to a

ess from a set ofrepli
as.3.1.6 Se
urityOn a Grid, se
urity me
hanisms are required in order to 
ontrol whi
h resour
es usersare allowed to use. There are three parts to the se
urity systems developed by EDG:the authenti
ation and delegation framework, global authorisation management andlo
al authorisation management.Authenti
ation is how users and servi
es prove their identity and is based onGlobus' Grid Se
urity Infrastru
ture (GSI), whi
h uses publi
 key 
ryptography. Itprovides en
rypted se
ure 
ommuni
ation between Grid servi
es, and enables a \sin-gle sign-on" for users so that their 
redentials need only be veri�ed on
e to use alarge pool of resour
es, instead of every time they use a di�erent resour
e or servi
e.Users are identi�ed via 
erti�
ates whi
h are issued and signed by a Certi�
ate Au-thority (CA), similar to a passport system. If a servi
e trusts the CA it 
an trustthe user whose 
erti�
ate is signed by the CA and give them the appropriate a

essrights. Single sign-on is a
hieved by the user 
reating a limited lifetime passphraselessproxy 
erti�
ate to a
t on their behalf. This means the user 
an be authenti
atedto multiple resour
es without typing in a password every time. In addition a 
lientappli
ation may delegate its 
redentials to a remote pro
ess so that it 
an run on the
lient's behalf.Authorisation de�nes the rules by whi
h users are able to a

ess ea
h resour
e.Coarse-grained authorisation means the system 
an make de
isions su
h as: `does theuser have a

ess rights to this storage resour
e?'. Fine-grained authorisation, whi
h
an make de
isions su
h as: `what kind of a

ess does the user have on this �le?',
an only be handled inside the servi
e be
ause the a
tual �le to a

ess is only knownduring the exe
ution of the servi
e. In EDG only 
oarse-grained authorisation has



3.2 Data Management 44been addressed.In EDG every user is part of a Virtual Organisation (VO) whose members arefor example all involved in one of the high energy physi
s experiments at CERN.Global authorisation de
isions are made at the VO level so if a university is onlyinvolved in the ATLAS experiment, it may only allow users in the ATLAS VO to useits resour
es. The Virtual Organisation Membership Servi
e (VOMS) was developedfor this purpose and essentially 
onsists of a database of users and their asso
iatedVOs. A user 
onta
ts the VOMS servi
e to request authorisation with a parti
ularVO for some purpose. If the user is a member of the VO they are granted a VOMSproxy 
erti�
ate in a similar style to the GSI proxy 
erti�
ates des
ribed above. TheVOMS proxy 
erti�
ate is then used to authorise the user to use ea
h lo
al system.The resour
e provider 
hooses the appropriate level of a

ess for the VO and the VOitself grants a

ess 
ontrols to ea
h individual user. This means the resour
e provideronly has to worry about a

ess 
ontrols for a few VOs whi
h will not 
hange rapidlyover time and not hundreds of users who may 
hange frequently.The goal of lo
al authorisation is to map the grid user to a lo
al user a

ountto run their jobs on a lo
al system. This is done using the LCAS and LCMAPS
omponents shown in Figure 3.3. LCAS adds a

ess 
ontrols to the EDG Gatekeeperand 
ould 
ontain a list of banned users or spe
ify limits on job parameters su
has a maximum wall-
lo
k time to 
ontrol whi
h jobs are run on the CE. LCMAPSgrants the lo
al 
redentials to the user, for example a Unix a

ount name and group.Authorisation for Java Web Servi
es is done as part of the edg-java-se
urity pa
kage,whi
h is des
ribed as part of the next se
tion.3.2 Data ManagementIn any Data Grid, data is the most important resour
e, hen
e it must be managede�e
tively and eÆ
iently. A key 
on
ept in Data Grids is repli
ation of data, wherebymultiple 
opies of data are stored at di�erent geographi
al lo
ations, making a

essto data faster and more reliable for all users. In EDG a set of integrated datamanagement servi
es was developed [19℄ to enable movement and repli
ation of data
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ated data and asso
iated metadata,and optimised a

ess to data.The �rst prototype data management system was implemented in C++ and 
om-prised the edg-repli
a-manager [120℄, based on the Globus toolkit and the Grid DataMirroring Pa
kage (GDMP) [121℄. GDMP was a servi
e for mirroring �le sets be-tween Storage Elements and together with the edg-repli
a-manager it provided basi
repli
ation fun
tionality. After experien
e gained from deployment of these proto-types, it was de
ided to adopt the web servi
es paradigm and implement the datamanagement servi
es in Java. The se
ond generation data management system in-
ludes the following servi
es: the Repli
a Lo
ation Servi
e, the Repli
a MetadataCatalog, and the Repli
a Optimization Servi
e. The primary interfa
e between usersand these servi
es is the Repli
a Manager 
lient.The design of the data management system is modular, with several indepen-dent servi
es intera
ting via the Repli
a Manager, a logi
al single point of entry tothe system for users and other external servi
es. The Repli
a Manager 
oordinatesthe intera
tions between all 
omponents of the systems and uses the underlying �letransport servi
es for repli
a 
reation and deletion. Query fun
tionality and 
ata-loging for distributed repli
ated data are provided by the Repli
a Metadata Catalog(RMC) and Repli
a Lo
ation Servi
e (RLS). Optimised a

ess to repli
as is providedby the Repli
a Optimization Servi
e (ROS), whi
h aims to minimise �le a

ess timesby dire
ting �le requests to appropriate repli
as.The Repli
a Manager is implemented as a 
lient side tool whilst the Repli
aMetadata Catalog, Repli
a Lo
ation Servi
e and the Repli
a Optimization Servi
eare all stand-alone servi
es. One advantage of su
h a design is that if any servi
eis unavailable, the Repli
a Manager 
an still provide the fun
tionality that does notmake use of that parti
ular servi
e. Also, 
riti
al servi
e 
omponents may havemore than one instan
e to provide a higher level of availability and to avoid servi
ebottlene
ks. However, a lot of the 
oordinating logi
 happens at the 
lient side, soasyn
hronous intera
tion is not possible. Also, in 
ase of failures on the 
lient side,there is no way to automati
ally re-try the operations.
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e DesignWeb servi
e te
hnologies [131℄ provide an easy and standardised way to logi
ally 
on-ne
t distributed servi
es via XML (eXtensible Markup Language) messaging. Theyprovide a platform and language independent way of a

essing the information heldby the servi
e and, as su
h, are highly suited to a multi-language, multi-domainenvironment su
h as a Data Grid.A web servi
e is hosted within an appli
ation server and exposes an interfa
ein Web Servi
e Des
ription Language (WSDL) format [132℄ whi
h des
ribes the op-erations the servi
e performs. For the RLS, RMC and ROS these are operationssu
h as querying for the lo
ations of repli
as of a parti
ular dataset or �nding thebest repli
a to a

ess. Clients for the servi
es 
an be automati
ally generated in anylanguage from the WSDL interfa
e. The 
lient and server 
ommuni
ate using thelanguage-independent Simple Obje
t A

ess Proto
ol (SOAP) with XML messagespassed around using HTTP, or HTTPS for en
rypted messages.The translation from ea
h 
lient language to the SOAP messages understood bythe server is performed by a SOAP implementation su
h as Axis (for Java), gSOAP(C++) or SOAPpy (Python). Clients bind to the servi
e whi
h is de�ned by a URLrepresenting its lo
ation, and they 
an then invoke methods of the servi
e as if itwas a lo
al obje
t. The details of the 
ommuni
ations between 
lient and serverand language translations are hidden by the SOAP implementation. Persistent dataasso
iated with a servi
e su
h as the lo
ation of repli
as is stored in a relationaldatabase, usually on the same ma
hine as the servi
e.All the EDG data management servi
es have been designed and deployed as webservi
es and the RLS and RMC have been used with open sour
e and, in the LCGproje
t, 
ommer
ial appli
ation servers and databases. The servers are written inJava, with Java and C++ 
lients provided, although it is possible to generate 
lientsin any other language from the WSDL.
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a ManagerFor the user, the main entry point to the data management servi
es is through theRepli
a Manager 
lient interfa
e that is provided via C++ and Java APIs and aCommand Line Interfa
e. The a
tual 
hoi
e of the servi
e 
omponent to be used
an be spe
i�ed through 
on�guration �les, and Java dynami
 
lass loading featuresare exploited to make ea
h parti
ular 
omponent available at exe
ution time. Theintera
tions between the Repli
a Manager and these 
omponents and other EDG
omponents is shown in Figure 3.6.
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Figure 3.6: Intera
tions between the Repli
a Manager and other 
omponents.The Repli
a Manager uses the other data management servi
es to obtain infor-mation on data lo
ation but it also uses many external servi
es. An InformationServi
e su
h as MDS (Monitoring and Dis
overy Servi
e) or R-GMA (RelationalGrid Monitoring Ar
hite
ture) needs to be present, as well as storage resour
es witha well-de�ned interfa
e, in our 
ase SRM (Storage Resour
e Manager) or the EDG-SE (EDG Storage Element). The Repli
a Manager also makes use of �le transportme
hanisms su
h as GridFTP.
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a Lo
ation Servi
eIn a highly geographi
ally distributed environment, providing global a

ess to data
an be fa
ilitated via repli
ation, whi
h 
an also redu
e a

ess laten
ies and improvesystem robustness and s
alability. However, the existen
e of multiple repli
as of�les in a system introdu
es additional issues. The repli
as must be kept 
onsistent,they must be lo
ateable and their lifetime must be managed. The Repli
a Lo
ationServi
e (RLS) is a system that maintains and provides a

ess to information aboutthe physi
al lo
ations of 
opies of �les [35℄.The RLS ar
hite
ture de�nes two types of 
omponent: the Lo
al Repli
a Catalog(LRC) and the Repli
a Lo
ation Index (RLI). The LRC maintains information aboutrepli
as at a single site or on a single storage resour
e, thus maintaining reliable, upto date information about the independent lo
al state. The RLI is a (distributed)index that maintains soft state 
olle
tive information obtained from any number ofLRCs.Globally Unique IDenti�ers (GUIDs) are guaranteed unique identi�ers for dataon the Grid and are based on Universally Unique IDenti�ers (UUIDs). In the LRCea
h GUID is mapped to one or more physi
al �le names identi�ed by Storage URLs(SURLs), whi
h represent the physi
al lo
ation of ea
h repli
a of the data. The RLIstores mappings between GUIDs and the LRCs that hold a mapping for that GUID.A query for a repli
a is a two stage pro
ess. The 
lient �rst queries a RLI in orderto determine whi
h LRCs 
ontain mappings for a given GUID. One or more of theidenti�ed LRCs is then queried to �nd the asso
iated SURLs. As almost all �les areassumed to be read-only in EDG appli
ations, all the repli
as of a given �le shouldbe 
onsistent with ea
h other.An LRC is 
on�gured at deployment time to subs
ribe to one or more RLIs. TheLRCs periodi
ally publish the list of GUIDs they maintain to the set of RLIs thatindex them using a soft state proto
ol, meaning that the information in the RLI willtime out and must be refreshed periodi
ally. The soft state information is sent to theRLIs in a 
ompressed format using bloom �lter obje
ts [17℄. A possible deploymentar
hite
ture is shown in Figure 3.7. Here the middle RLI 
ontains 
omplete global
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e all LRCs publish state to it, however the other two hold informationon only two LRCs, one of whi
h is 
ommon between them.
LRC LRC LRCLRC

RLI RLIRLI

Figure 3.7: A possible RLS ar
hite
ture. From [35℄.An LRC is typi
ally deployed on a per site basis, or on a per storage resour
ebasis, depending on the site's resour
es, needs and 
on�guration. A site will typi
allydeploy one or more RLIs depending on usage patterns and need. The LRC 
an alsobe deployed to work in stand-alone mode instead of fully distributed mode, providingthe fun
tionality of a repli
a 
atalog operating in a fully 
entralised manner. Instand-alone mode, one 
entral LRC holds the GUID to SURL mappings for all thedistributed Grid �les.3.2.4 Repli
a Metadata Catalog Servi
eThe GUIDs stored in the RLS are neither intuitive nor user friendly. The Repli
aMetadata Catalog (RMC) allows the user to de�ne and store Logi
al File Name(LFN) aliases to GUIDs. Many LFNs may exist for one GUID but ea
h LFN mustbe unique within the RMC. Below are a sample GUID and LFN:guid:63047220-2dd5-11d9-9669-0800200
9a66lfn:data/
al test/2004-09-01-001The relationship between LFNs, GUIDs and SURLs and how they are stored in the
atalogs is summarised in Figure 3.8. In addition, the RMC 
an store GUID metadatasu
h as �le size, owner and 
reation date. The RMC is not intended to manage allgeneri
 experimental metadata however it is possible to use the RMC to maintain



3.2 Data Management 50

Figure 3.8: The Logi
al File Name to GUID mapping is maintained in the Repli
aMetadata Catalog, the GUID to physi
al �le name (SURL) mapping in the RLS.O(10) items of user de�nable metadata. This metadata provides a means for a userto query the �le 
atalog based upon appli
ation-de�ned attributes.The reason for providing a separate RMC servi
e to the RLS for the LFN mappingis the di�erent expe
ted usage patterns of the LFN and repli
a lookups. The LFNto GUID mapping and the 
orresponding metadata are used by the users for pre-sele
tion of the data to be pro
essed. The repli
a lookup happens at job s
hedulingtime when the lo
ations of the repli
as need to be known and at appli
ation runtimewhen the �le is to be pro
essed.3.2.5 Repli
a Optimization Servi
eOptimisation of the use of 
omputing, storage and network resour
es is essentialfor appli
ation jobs to be exe
uted eÆ
iently. The Repli
a Optimization Servi
e(ROS) [12℄ fo
uses on the sele
tion of the best repli
a of a data �le for a given job,taking into a

ount the lo
ation of the 
omputing resour
es and network and storagea

ess laten
ies.The network monitoring servi
es (Se
tion 3.1.5) provide the information for theROS on network laten
ies between the various Grid resour
es. This information
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al
ulate the expe
ted transfer time of a given �le with a spe
i�
 size.The ROS 
an also be used by the Resour
e Broker to s
hedule user jobs to thesite from whi
h the data �les required 
an be a

essed in the shortest time. TheROS is implemented as a lightweight web servi
e that gathers information from theEuropean DataGrid network monitoring servi
e and performs �le a

ess optimisation
al
ulations based on this information.3.2.6 Servi
e Intera
tions
Manager
Replica

Metadata Catalog
Replica

Replica
Optimization Service

Interface
User

Location Service
Replica

2. getGuid(LFN)

4. listBestFile(SURLs)

5. copyFile(SE1, SE2)

Storage
Element
Storage
Element

Storage
Element
Storage
Element

1 2

1. replicateFile(LFN, SE2)

6. registerFile(GUID, SURL)

3. listReplicas(GUID)

Figure 3.9: Typi
al usage of the EDG data management servi
es.The intera
tion between the various data management servi
es 
an be explainedthrough a simple 
ase of a user wishing to make a 
opy of a �le 
urrently available onthe Grid to another Grid site (Figure 3.9). The user supplies the LFN of the �le andthe destination storage lo
ation to the Repli
a Manager (1). The Repli
a Manager
onta
ts the RMC to obtain the GUID of the �le (2), then uses this to query the RLSfor the lo
ations of all 
urrently existing repli
as (3). The ROS 
al
ulates the best sitefrom whi
h the �le should be 
opied based on network monitoring information (4).The Repli
a Manager then 
opies the �le (5) and registers the new repli
a information
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uritySe
ure a

ess to data management servi
es via the use of GSI 
erti�
ates is enabledby the edg-java-se
urity pa
kage. It 
onsists of two main 
omponents: one dedi-
ated to authenti
ation of any servi
e requests (Trust Manager) and one dedi
atedto authorisation of any servi
e requests (Authorization Manager).The authenti
ation me
hanism developed by EDG is an extension of the stan-dard Java implementation of the SSL/TLS (Se
ure So
ket Layer/Transport LayerSe
urity) proto
ols [43℄. These proto
ols provide 
ommuni
ations priva
y over theInternet using 
ryptography, allowing 
lient/server appli
ations to 
ommuni
ate in away that is designed to prevent eavesdropping, tampering, or message forgery. Mu-tual authenti
ation in SSL/TLS is based on publi
-key 
erti�
ates that are signed bytrusted Certi�
ation Authorities (CA). The user and the server verify ea
h others'identities by proving in 
ryptographi
 terms that they have a

ess to the private keythat mat
hes with the 
erti�
ate.The Globus Toolkit introdu
es the use of time-limited GSI proxy 
erti�
ates,usually with a lifetime of 12 hours. A proxy 
erti�
ate 
onsists of a new 
erti�
atesigned by the end entity (user or server) that 
reated it, rather than by a CA. Thisproxy 
erti�
ate 
auses problems sin
e it is signed by an entity that is not a CA. This
auses the mutual authenti
ation to fail in any implementation that fully 
onforms tothe SSL standard. For the GSI proxy to work, the SSL implementation in the TrustManager was 
hanged to a non-standard form that a

epts proxy 
erti�
ates.The EDG Java se
urity pa
kage implements a 
oarse-grained authorisation model.The authorisation me
hanism is positioned in front of the servi
e and the authorisa-tion de
ision is made before the a
tual 
all to the servi
e. The Authorization Managerwithin the EDG Java se
urity pa
kage implements a role-based a

ess 
ontrol poli
y.The Authorization Manager de
ides whether a parti
ular user, extra
ted from the 
er-ti�
ate presented by a 
lient, 
an be asso
iated with a given role, or attribute. TheAuthorization Manager 
an optionally perform a translation phase: after establishingthat a subje
t indeed is authorised, it translates the attribute into a lo
al-ID value



3.3 Summary 53understandable by a spe
i�
 appli
ation. This servi
e is similar to the role played bythe LCAS/LCMAPS system in the Computing Element. Se
urity inevitably adds alayer of 
omplexity to any appli
ation, however it is absolutely ne
essary for the usersand the servi
e providers and therefore there always has to be some trade-o� betweenthe se
urity requirements and the level of simpli
ity required by the appli
ation.3.3 SummaryIn this 
hapter an overview of the European DataGrid proje
t has been presented.Building on top of the Globus Toolkit and Condor-G, the middleware 
omponentsdeveloped by EDG together provide a 
omplete Grid system for use by high energyphysi
s, biology and Earth observation s
ien
es appli
ations. Several work pa
kagesworked in 
lose 
ollaboration to produ
e 
omponents and servi
es for a

essing dis-tributed 
omputational and storage resour
es.A large number of 
omputing resour
es 
an be used by the Grid via the Com-puting Element middleware and jobs 
an be submitted to them via the WorkloadManagement System. The Storage Element means mass storage resour
es 
an alsobe transparently a

essed by users and appli
ations. R-GMA and Network Monitor-ing provide Grid information for all other Grid 
omponents and se
urity me
hanismsensure the resour
es are used 
orre
tly.The vast amount of data the appli
ations generate is handled by a set of integrateddata management servi
es, designed around the Web Servi
es model. These servi
esenable se
ure movement and repli
ation of data at high speed from one geographi
alsite to another, management of distributed repli
ated data, optimisation of a

ess todata, and the provision of a metadata management tool.
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Chapter 4
Performan
e Evaluation of DataManagement Servi
es
In this 
hapter the properties and performan
e of the European DataGrid data man-agement servi
es are investigated. Middleware 
omponents must be designed to with-stand heavy and unpredi
table use and be able to s
ale well with the demands of theGrid. Results presented here show the data management servi
es 
an handle theloads as expe
ted and s
ale well, however the use of se
urity me
hanisms adds a largeoverhead.Clients to use these servi
es are written in three forms: C++ API (Appli
ationProgram Interfa
e), Java API, and CLI (Command Line Interfa
e). It was envisagedthat the CLI, typing a 
ommand by hand on the 
ommand line of a terminal, wouldbe mainly used for testing an installation or individual 
ommand. The APIs on theother hand would be used dire
tly by appli
ations' 
ode and would avoid the needfor the user to intera
t dire
tly with the middleware. In this 
hapter all three 
lientsfor ea
h 
omponent are tested �rst without any se
urity, and then with se
urity. Theextra overhead se
urity introdu
es is signi�
ant, but it is a ne
essary fa
tor if se
urea

ess is required.



4.1 Testbed Setup 554.1 Testbed SetupIn order to test the performan
e of ea
h servi
e, a testbed 
onsisting of 11 ma
hines in5 sites was used. All the ma
hines had similar spe
i�
ations and operating systemsand ran identi
al versions of the data management servi
es: LRC (v2.1.2), RMC(v2.1.2) and ROS (v2.1.4-
g). The appli
ation server used to deploy the servi
es wasApa
he Tom
at 4 and for storing data on the server side, MySQL 4 was used. Thelist of ma
hines is given in Table 4.1. For most of the performan
e tests small testappli
ations were developed; these are pa
kaged with the software and 
an thereforebe re-run to 
he
k the results obtained.Ma
hine Lo
ation Fun
tionlxshare0313 CERN, Switzerland Client, LRC, ROSlxshare0344 CERN, Switzerland Clientlxshare0343 CERN, Switzerland LRC, RMClxshare0346 CERN, Switzerland LRC, RMCp

ms144 CERN, Switzerland LRCgrid04 Glasgow, S
otland Client, LRCgrid05 Glasgow, S
otland Client, LRCgrid06 Glasgow, S
otland Client, LRCis01vidgrid Vienna, Austria LRCgrid Innsbru
k, Austria LRCeio01 Tel Aviv, Israel LRCTable 4.1: Testbed used for evaluation of data management servi
es, showing theservi
es installed on ea
h node.
4.2 Repli
a Lo
ation Servi
eThe Repli
a Lo
ation Servi
e (RLS) is des
ribed in detail in Se
tion 3.2.3. It is usedto �nd the lo
ations of physi
al 
opies of �les in the Grid, given the Globally UniqueIdenti�er (GUID) of the data. The 
omplete servi
e 
omprises a number of Lo
alRepli
a Catalogs (LRCs) whi
h hold information on the �les at one parti
ular site,and a number of Repli
a Lo
ation Indexes (RLIs) whi
h are sent regular updatesfrom LRCs and queried by the user or 
lient API. However, within EDG and LCGthe RLS has only been used with a single LRC per VO, therefore all the RLS results
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e 56presented here show the performan
e of a single LRC.Three main fun
tions of the 
atalog were tested: insert (add a GUID to physi
al�le name (SURL) mapping), query (get the SURLs 
orresponding to the given GUID)and delete (remove a GUID to SURL mapping). For all tests the testbed shown inTable 4.1 was used, with pairs of 
lients and servers on the same lo
al area networkto avoid di�eren
es in results 
aused by the time to 
ommuni
ate between the two.4.2.1 C++ APIThe performan
e of the C++ 
lient was tested by timing how long it took to inserta 
ertain number of mappings, how long it took to delete them and how long onequery took, for varying number of entries in the 
atalog. This tests how the number ofentries in the 
atalog a�e
ts the time to 
omplete ea
h operation. Figure 4.1(a) showsthe total time to insert and delete a 
ertain number of mappings, and Figure 4.1(b)shows how the time to query one entry varies with the number of entries in the LRC.
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Figure 4.1: (a) Total time to add and delete mappings and (b) query the LRC usingthe C++ API.The results show that insert and delete operations have very stable behaviour, inthat the total time to insert or delete mappings s
ales linearly with the number ofmappings inserted or deleted. A single transa
tion with a single 
lient thread takes



4.2 Repli
a Lo
ation Servi
e 57about 25 - 29 ms with the tenden
y that delete operations are slightly slower thaninserts. The query time of around 16 ms is independent of the number of entries inthe 
atalog up to around 1 million entries, when it tends to in
rease. This is dueto the underlying database, whi
h then takes longer to query the more entries it
ontains.4.2.2 Java API
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Figure 4.2: Total time to (a) add and delete mappings and (b) query the LRC usingthe Java API.Similar tests were performed using the Java API and these results are shown inFigure 4.2. The results are very similar to the C++ results, however Java performsdynami
 
lass loading whi
h means the �rst time a 
lass is used, some time is spentreading it into memory. Therefore the �rst insert takes mu
h longer than the followinginserts, as shown by Figure 4.2(a), where 10 inserts take around 3 times as long usingJava than they do using C++. However, with a larger number of operations thise�e
t be
omes negligible. Query performan
e is also similar to C++, with the timeremaining around 16 ms up to 1 million entries, when it in
reases to 35 ms.Taking advantage of the multiple threading 
apabilities of Java, it was possibleto simulate many 
on
urrent users of the 
atalog to analyse its performan
e under
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e 58heavy loads. Firstly, the time to insert a GUID to SURL mapping into the LRC asa fun
tion of number of entries in the LRC and number of 
on
urrent threads wasmeasured. Figure 4.3 shows, for di�erent numbers of 
on
urrent threads, how theaverage time to insert a mapping (averaged over every 1000 inserts) varies over the
ourse of inserting 500,000 mappings into an empty LRC.
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Figure 4.3: Time to insert one mapping into the LRC as the number of entries andnumber of 
on
urrent threads varies.The shapes of the plots are very similar for di�erent numbers of 
on
urrentthreads, in that the insert time is 
onstant for around the �rst 200,000 entries, butafter this it gradually in
reases as the number of entries in
reases. The e�e
t is morepronoun
ed with a lower number of threads, for example with one thread the in
reaseis almost 100% between 0 and 500,000 entries, whereas it is only around 20% when195 threads are used. However, the data be
omes more noisy when more threads areused whi
h tends to obs
ure the trend.To measure the e�e
tive throughput of the LRC, i.e. the time to 
omplete a 
ertainnumber of operations, the total time to insert 500,000 mappings was measured fordi�erent numbers of 
on
urrent threads. Figure 4.4 shows that the time falls rapidlywith in
reasing numbers of threads, bottoming out after 10 or 20 threads. For 20threads the total time taken is about 40% less than using one thread. Although the
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Figure 4.4: Total time to add 500,000 mappings to the LRC using 
on
urrent threads.
time for an individual operation is slower the more 
on
urrent operations are takingpla
e, the overall throughput a
tually in
reases, showing the ability of the LRC tohandle multiple pro
esses 
on
urrently.One 
lient running 195 
lient pro
esses at the same time is an unrealisti
 situa-tion - it is mu
h more likely that 
on
urrent transa
tions would arise from di�erent
lient ma
hines. It was thought that the large amount of memory and pro
essing time
onsumed on one 
lient ma
hine may have 
aused the noisy data for large numbersof threads rather than the stress on the server. Therefore a test was run wherebythe 
lient load was split between two separate ma
hines, with ea
h one running 25threads. A 
omparison of the performan
e seen by one 
lient running 50 threadsalone, two 
lients both running 25 threads and one 
lient running 25 threads alone isshown in Figure 4.5.It is 
lear that the data for the single 
lient running 50 threads is as noisy as itis for the two separate 
lients running 25 threads ea
h. Also, both are far noisierthan the single 
lient running 25 threads, hen
e we 
an 
on
lude that the spread ofdata points is, if not wholly, then at least largely happening on the server-side ratherthan the 
lient-side. It is interesting to note that the average time for inserts using
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Figure 4.5: Comparison of LRC insert time between one and two 
lients ea
h running25 threads and one 
lient running 50 threads.only 50 threads is just over twi
e that of the inserts using 25 threads, 
on�rmingthe previous result that the throughput de
reases with the number of threads afteraround 20 threads.A 
omparison between insert and query performan
e was done with a 
lient run-ning 10 
on
urrent threads, where at any given moment 5 threads would be insertinga mapping and 5 threads would be querying a mapping. Figure 4.6 shows the in-sert time rising from 140 ms to 200 ms as the number of entries in
reases from 0to 500,000 as it did in Figure 4.3. However the query time stays at a 
onstant 100ms and does not vary with the number of entries. Sin
e, after an initial period of�lling up the 
atalog, the main operations on the 
atalog will be query operations,this result shows ex
ellent s
alability for long-term usage.To investigate performan
e in realisti
 situations, it was de
ided to simulate usersusing the LRC in a produ
tion environment. The two typi
al situations mentionedabove whi
h might arise in su
h an environment were tested:� Start-up: An initial period, adding data to a 
atalog: many inserts, a fewqueries and no deletes, starting from an empty 
atalog.
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Figure 4.6: Time to insert mappings and query one GUID for di�erent numbers ofentries in the LRC, using 5 
on
urrent inserting threads and 5 
on
urrent queryingthreads.� Normal: The expe
ted pattern of operations, for example by users doing physi
sanalysis: a few inserts, many queries and a few deletes starting from a reason-ably full 
atalog.Results simulating the �rst situation are shown in Figure 4.7(a). Here 500,000mappings were inserted and 50,000 queries were performed using di�erent numbersof 
on
urrent threads and the total time measured. The results are very similar toFigure 4.4, showing that the extra 50,000 queries have little e�e
t on the total time.Again, the total time bottoms out at around 20 threads.Figure 4.7(b) shows results from simulating the se
ond situation and for this plot100,000 inserts, 500,000 queries and 100,000 deletes were performed on a 
atalog thatinitially held 500,000 entries. The minimum total time is not so well de�ned and eventhough there were 150,000 more operations than in Figure 4.7(a) on a large 
atalog
ompared to an empty one, the total time is less for all numbers of threads (ex
ept1 thread) than in Figure 4.7(a). This 
on�rms the result shown in Figure 4.6, thatquery operations are mu
h less time 
onsuming than insert operations.
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Figure 4.7: Total time for (a) Start-up and (b) Normal operations on the LRC using
on
urrent threads.4.2.3 C++ API vs Java APIAPIs for the data management servi
es are provided in two languages due to themany possible appli
ations that 
ould use ea
h servi
e. Popular opinion holds thatC++ in general out-performs Java, although several studies, mainly using numer-i
ally intensive 
ode [18, 21℄, have shown the di�eren
e to be \negligible" (around20%). More relevant to this study are a set of ben
hmarks presented in [11℄, whi
hshows the performan
e of Java server appli
ations to be on a par with other languageimplementations. Java also o�ers the advantages of portability, ease of use and au-tomati
 memory management. In this se
tion, the performan
e of the two di�erent
lient implementations is 
ompared (for all servi
es the servers are implemented inJava).A dire
t 
omparison of how the insert time for one thread varies with the numberof entries in the 
atalog for C++ and Java is given in Figure 4.8. The performan
e isvery similar up to about 150,000 entries, where the time for ea
h operation using Javain
reases, while for C++ it remains roughly 
onstant. The reason for this 
ould bethe amount of memory used with the Java 
lient slowing it down, sin
e the GUID forea
h mapping is stored after the insert in a list, whi
h be
omes rather large when it
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Figure 4.8: Average time to insert one mapping into the LRC using C++ and JavaAPI as the number of entries varies.
ontains hundreds of thousands of elements. The total integrated time for all 500,000operations was just over 9,000 s with C++ and almost 13,500 s for Java, a di�eren
eof almost 50%.4.2.4 Server and Client ComparisonIn this se
tion the details of ea
h 
atalog operation are studied by 
omparing thetimes spent on the 
lient-side and server-side of the servi
e. The operation of webservi
es was des
ribed in detail earlier in Se
tion 3.2.1 but to summarise, they o�era standard way for di�erent software appli
ations running on di�erent platforms andimplemented in di�erent languages to intera
t using XML-based SOAP messaging.All the data management servi
es expose a standard interfa
e in WSDL from whi
h
lient stubs 
an be generated in any of the 
ommon programming languages. A 
lientuser appli
ation 
an then bind to the servi
e and invoke methods as if it was a lo
alobje
t.The performan
e of the server should be independent of the 
lient used (Javain this 
ase). The fra
tion of time spent, for ea
h 
atalog operation, on server-sidepro
essing is shown in Figure 4.9. The server-side time was de�ned as the time spent
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ompleting the ne
essary operations on the database to 
reate the GUID to SURLmapping.
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(b) insert, 500000 entries
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(d) query, 500000 entries

Figure 4.9: Fra
tion of time spent in server-side pro
essing of the LRC for di�erentnumbers of 
on
urrent threads.Four di�erent situations were tested: insert and query operations on an empty
atalog and the same operations on a 
atalog 
ontaining 500,000 entries. The resultsare quite surprising when 
ompared with those in Figure 4.3. On an empty 
atalog,the fra
tion of time spent server-side performing insert operations drops dramati
allythe more 
on
urrent threads are used. However sin
e Figure 4.3 shows that as the
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e 65number of threads in
reases the insert time also in
reases, it 
an be dedu
ed that thethread-handling 
apabilities on the server-side (i.e. Tom
at 4) are mu
h better thanon the 
lient-side (Java 
on
urrent threading library).This does not seem to be the 
ase though when the 
atalog is reasonably full(Figure 4.9(b)). Here the data is extremely noisy but the fra
tion of time in server-side pro
essing is mu
h higher than with an empty 
atalog, whi
h is to be expe
tedsin
e the database operations take longer the more entries there are. The lengthof time spent in these operations is also less predi
table and depends on internaldatabase optimisations o

urring during ea
h transa
tion, 
ontributing to the noisydata.The results for queries (Figures 4.9(
) and (d)) are almost identi
al for the di�erentsized 
atalogs, whi
h agrees with the previous �ndings that query time is independentof the number of entries in the 
atalog (see Figure 4.6). Up to 30 threads the generaltrend is for less time to be spent server-side the more threads there are but abovethis the data be
omes very noisy.A 
omparison of the server-side performan
e using an empty 
atalog and a rea-sonably full one 
an be seen in Figure 4.10. The two histograms show the times for1000 inserts using one thread and show 
learly the times are far more spread out whenthe 
atalog is full than when it is empty. The average times are 8.2 ms for the empty
atalog and 31.0 ms for the 
atalog with 500,000 entries, almost a 4-fold in
rease.The few times with very high values in Figure 4.10(b) (up to 850 ms) are rare but
ould potentially 
ause problems with other servi
es using the RLS timing out whilewaiting for a response. The se
ondary peak seen in Figure 4.10(b) is probably dueto the same reasons as given above, i.e. an operation triggering internal databaseoptimisation operations o

urring when there are a large number of entries.4.2.5 Command Line Interfa
eThe 
ommand line interfa
e (CLI) is implemented in Java using the Java API andallows any operation on the 
atalog to be performed from a terminal 
ommand line.This feature was provided at the request of users as it gives a 
onvenient way to testa servi
e installation or for new users to learn the fun
tionality of the servi
e. It was
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Figure 4.10: LRC insert time on server-side for inserting 1000 entries into (a) anempty 
atalog and (b) a 
atalog with 500,000 entries.not intended to be used for large-s
ale operations and therefore was not optimisedfor performan
e. The reason Java was 
hosen and not C++ was that there was adelay in providing the C++ API due to the 
omplexity of the se
urity intera
tionthrough an auto-generated SOAP 
lient. Had the CLI been implemented in C++this would have given a performan
e improvement, however this would not have beena signi�
ant or important improvement. Table 4.2 
ontains some timing statisti
sshowing the time to exe
ute di�erent parts of the 
ommand addMapping (in inse
uremode) used to insert a GUID to SURL mapping into the LRC.The total time to exe
ute the 
ommand was 3.2 se
onds and this time is brokendown into the following areas: The start-up s
ript sets various options su
h as loggingparameters and the 
lass-path for the Java exe
utable and this, along with the timeto start the Java Virtual Ma
hine (JVM), took 0.8 s. After parsing the 
ommand
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e 67Time (s) Operation0 - 0.8 Start-up s
ript and JVM start-up time0.8 - 1.0 Parse 
ommand and options1.0 - 2.2 Get LRC servi
e lo
ator2.2 - 2.3 Get LRC obje
t2.3 - 3.2 Call to the lr
.addMapping() method3.2 EndTable 4.2: Timing statisti
s for adding a mapping in the LRC using the CLI.line it took 1.3 s to get the LRC servi
e lo
ator (i.e. bind to the web servi
e) - duringthis time many external 
lasses had to be loaded in.The 
all to the addMapping() method took around 0.9 s, due to the e�e
t ofdynami
 
lass loading in Java the �rst time a 
lass is used within this method.Compared to the average of around 20 ms for this operation observed above in theJava API tests, this is very large, and be
ause every time the CLI is used a new JVMis started up, the time to exe
ute the 
ommand is the same every time. In short, thetime taken to insert a GUID to SURL mapping using the 
ommand line interfa
e isabout 2 orders of magnitude longer than the average time taken using the Java orC++ API. Therefore, the 
ommand line tool is only re
ommended for simple testingand not for large s
ale operations on the 
atalog.4.2.6 Comparison with Globus RLSSimilar performan
e tests on the C-based Globus implementation of the Repli
a Lo-
ation Servi
e framework are presented in [36℄. This version is not implemented as aweb servi
e but uses Remote Pro
edure Calls (RPC) to 
ommuni
ate between 
lientand server. As with the EDG RLS peak performan
e was seen when around 10 
on-
urrent 
lient threads were using the servi
e. A 
omparison between the di�erentrates a
hieved when adding mappings to the two 
atalogs for 1 and 10 
on
urrent
lients is shown in Table 4.3.The Globus RLS tests were performed with the ba
k-end MySQL database in
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e 68RLS type Inserts per s (1 thread) Inserts per s (10 threads)EDG 37 62Globus (with DB 
ush) 84 84Globus (no DB 
ush) 460 700Table 4.3: Inserts per se
ond rates a
hieved with the EDG and Globus RLS, with 1and 10 
on
urrent 
lient threads. The Globus RLS �gures are taken from [36℄.two modes of operation: with and without immediate 
ushing of data to disk. Ifthe 
ush is on (as it is in the EDG RLS), whenever a transa
tion su
h as adding ordeleting a mapping is performed, the data is written immediately to disk. With the
ush swit
hed o�, this data is only written periodi
ally, and so performan
e is vastlyimproved (up to 8 times faster) but at the 
ost of possibly 
orrupting the databasewith in
onsistent data. When the database 
ush is on, the di�eren
e in insert ratesbetween the EDG and Globus servi
es is around 60% for 1 thread and around 25% for10 threads. The 
ause of the lower rate a
hieved with the EDG RLS at this level ismainly due to the larger 
ommuni
ations overhead introdu
ed by SOAP web servi
esas 
ompared to RPC. However, the bene�ts of using a web servi
es design (ease ofuse and deployment, portability, 
onformity with emerging Grid standards) outweighthe la
k of performan
e as 
ompared to RPC for the majority of Grid appli
ations.4.3 Repli
a Metadata Catalog Servi
eThe Repli
a Metadata Catalog (RMC) 
an be regarded as an add-on to the RLSsystem and is used by the Repli
a Manager to provide a 
omplete view on LFN:GUID:SURL mapping (Figure 3.8). Users 
an de�ne their own LFN aliases to GUIDs tomake their data-naming more manageable and user friendly. The RMC servi
e isimplemented in exa
tly the same way as the LRC, i.e. a web servi
e ar
hite
ture witha database ba
k-end to hold the LFN to GUID mappings. In fa
t the way the RMCand LRC are used is exa
tly the same, only the data stored is di�erent and thus onewould expe
t similar performan
e from both 
omponents. This se
tion des
ribes the
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e 69results of the some of the tests that were run on the LRC, performed on the RMC.4.3.1 C++ APIFirst the performan
e of insert, query and delete operations with varying numbersof entries in the 
atalog was tested. The results are shown in Figure 4.11 and showvery similar insert/delete and query rates as for a single LRC. On average, a singleinsert operation takes about 22 ms as 
ompared to 24 ms for a delete operation usinga single 
lient thread. Query operations take around 20 ms up to 1 million entries,when it in
reases to 30 ms.
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Figure 4.11: (a) Total time to add and delete mappings and (b) query the RMC usingthe C++ API.In the EDG model, many users may be interested in the same data sets andthus there 
an be many user de�ned aliases (LFNs) to a single unique �le identi�er(GUID). Therefore the behaviour of the RMC was analysed in the 
ase where multipleLFNs were mapped to a single GUID. Figure 4.12 shows the time to insert and delete10 GUIDs with di�erent numbers of LFNs mapped to ea
h GUID and the time toquery for 1 LFN with varying numbers of LFNs per GUID.The insert/delete times in
rease linearly as one might expe
t, sin
e ea
h new LFNmapping to the GUID is treated similarly to inserting a new mapping, thus the e�e
t
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Figure 4.12: Total time to (a) insert and delete 10 GUIDs with varying number ofLFNs, and (b) query for one LFN in the RMC
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Figure 4.13: RMC query time per mapping for di�erent numbers of LFNs mappedto one GUID.is to give similar results to Figure 4.11 in terms of number of operations performed.Query operations take longer the more LFNs exist for a single GUID, however thequery time per LFN mapped to the GUID (Figure 4.13) a
tually de
reases the moremappings there are, showing that the RMC performan
e s
ales well with the number
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e 71of mappings up to 1000 mappings, whi
h is far more mappings than would be expe
tedfor any appli
ation.4.3.2 Java APIThe performan
e of the RMC Java API was measured in a similar way to the per-forman
e of the LRC Java API. A Java 
lient 
lass was written whi
h used multiplethreads to simulate many users 
on
urrently a

essing the RMC. It performs the re-quired number of operations (
reate, query and delete) as qui
kly as possible usingall the threads available and for ea
h type of operation the average time to 
ompleteit was measured over every 1000 operations.
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Figure 4.14: Time to insert one mapping into the RMC as the number of entries andnumber of 
on
urrent threads varies.Firstly, the time to insert a GUID to LFN mapping into the RMC was measured asthe number of entries in the 
atalog and the number of 
on
urrent threads 
hanged.Figure 4.14 shows how the average time to insert a mapping varies from using anempty RMC to using a RMC with 500,000 entries for 1 to 150 
on
urrent threads.As with the LRC, the shapes of the plots are very similar for the di�erent numbersof 
on
urrent threads, in that the insert time gradually in
reases with the number ofentries in the 
atalog. As the 
atalog �lls up, the insert times be
ome more noisy.
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Figure 4.15: Total time to add 500,000 mappings to the RMC using 
on
urrentthreads.Next, the total time to insert 500,000 mappings was measured for di�erent num-bers of 
on
urrent threads. This e�e
tively gives the throughput performan
e of theRMC. Figure 4.15 shows that the throughput rea
hes a maximum at around 5-20threads, a similar result as was seen with the LRC. The total time using 20 threadsimproved by around 40% 
ompared to using a single thread. All the results for theRMC, as expe
ted, are very similar to the single LRC results, sin
e both servi
es arealmost identi
al in their implementation.Metadata is \data about data" and is used to organise and manage data so thatsets of data 
an be 
ategorised a

ording to 
ertain attributes. Ea
h appli
ation willhave its own spe
i�
 metadata s
hema whi
h de�nes the attributes asso
iated withtheir data, for example in the LHC high energy physi
s experiments des
ribed inSe
tion 1.3, TAG data is metadata for ea
h event, and is used in analyses to sele
tevents with 
ertain physi
s attributes. The method of storing this metadata is appli-
ation dependent, but for all appli
ations the RMC enables low-level �le metadata tobe stored, su
h as date 
reated or �le size. Appli
ation metadata is likely to 
onsistof hundreds of attributes, whereas the RMC was designed to store O(10) attributes,although the underlying te
hnology (database behind a web servi
e) is essentially the
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e 73same.Inserting metadata attributes into the RMC takes time, so the e�e
ts on the timeto in
lude them were measured and the results are shown in Figure 4.16. In this�gure, the variation of the time to insert a mapping in
luding attributes with thenumber of entries in the 
atalog is plotted, when 1, 5, and 10 attributes were addedto ea
h mapping. In all 
ases half the attributes were string attributes and half wereinteger attributes and one thread was used to perform the inserts.
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Figure 4.16: Variation of RMC insert time with di�erent numbers of entries in the
atalog and di�erent numbers of attributes.It 
an be seen that adding an attribute to an alias takes an equivalent amountof time to adding the mapping itself, i.e. 25-30 ms. The number of attributes addedand hen
e the in
reasing amount of information held by the database does not a�e
tthe insert timings, as the three sets of results in Figure 4.16 have essentially the sameshape as the results for 1 thread in Figure 4.14, in that there is a very gradual in
reasein insert time as the number of entries in the 
atalog in
reases.4.3.3 Command Line Interfa
eThe 
ommand line interfa
e is implemented in Java using the Java API. Table 4.4shows some timing statisti
s giving the time to exe
ute di�erent parts of the 
ommand
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a Optimization Servi
e 74Time (s) Operation0 - 1.0 Start-up s
ript and JVM start-up time1.0 - 1.1 Parse 
ommand and options1.1 - 2.1 Get RMC servi
e lo
ator2.1 - 2.3 Get RMC obje
t2.3 - 3.0 Call to the rm
.addAlias() method3.0 EndTable 4.4: Timing statisti
s for adding a GUID to LFN mapping in the RMC usingthe CLI.addAlias (in inse
ure mode) used to insert a GUID to LFN mapping into the RMC.The results are very similar to the LRC 
ommand line interfa
e results shown inTable 4.2 and the same 
on
lusions 
an be drawn, that the 
ommand line interfa
eis about 2 orders of magnitude slower than the average time taken using the Java orC++ API, and so is not re
ommended for large s
ale operations.4.4 Repli
a Optimization Servi
eGiven a set of repli
as of a parti
ular data �le that are spread over di�erent lo
ationson the Grid, the Repli
a Optimization Servi
e (ROS) �nds the one whi
h 
an bea

essed in the fastest time, a

ording to network bandwidth information. Withinthe EDG testbed, repli
a sele
tion is based on the network 
ost fun
tions provided bythe network servi
es des
ribed in Se
tion 3.1.5. Network monitoring was performedon the �ve major testbed sites, namely CERN, CNAF (Bologna), IN2P3 (Lyon),NIKHEF (Amsterdam) and RAL (Oxford). The estimation of network transfer timeis used by the Repli
a Optimization Servi
e to lo
ate the best repli
a. Experimentsshowed that the estimated transfer times for �les with sizes greater than around 100MB 
orresponded well to the real transfer times. On average, estimation errors werelower than 15%, and for links between IN2P3 and NIKHEF less than 3%.



4.4 Repli
a Optimization Servi
e 754.4.1 Java APIThe API method getBestNetworkCost(), given a set of SURLs 
orresponding to repli-
as of a parti
ular �le, returns best SURL to a

ess and the network 
ost (i.e. time)to a

ess the SURL. The ROS 
alls the network monitoring servi
e, supplying it the�le size and lo
ations of all repli
as, whi
h then returns the estimated transfer timefor ea
h repli
a. From this the ROS 
al
ulates the best repli
a to use.A test was performed to measure the response time of 
alling getBestNetwork-Cost() and, in order to measure the overhead of the ROS, these results were 
om-pared to 
alling the network 
osts dire
tly, i.e. without the ROS. The method was
alled a 
ertain number of times and the average response time for ea
h 
all is shownin Figure 4.17.

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1 10 10
2

getNetworkCost

getBestNetworkCost

No. of calls

A
ve

ra
ge

 ti
m

e 
fo

r 
on

e 
ca

ll 
(s

)

Figure 4.17: Average time to 
all getBestNetworkCost() and getNetworkCost() of theROS with di�erent numbers of 
alls to the methods.It is important to note that the response time of the �rst 
all to getBestNetwork-Cost() is larger than for the su

essive 
alls. This is due to the time spent dynami
allyloading the required Java 
lasses. Both sets of results show a gradual de
rease in theaverage response time for ea
h method. The di�eren
e between 
alling the ROS andthe network monitor dire
tly is very small, espe
ially when more 
alls are made and
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a Optimization Servi
e 76thus it 
an be seen that the overhead of the ROS is minimal. This is expe
ted sin
ethe ROS simply gathers information from other sour
es and performs a very simple
al
ulation; most of the time is spent at the 
lient-server 
ommuni
ation level.In the next set of tests the s
alability of the network 
osts provider was measuredby 
alling the ROS with multiple 
lient threads. getNetworkCost() was 
alled 32times for various numbers of 
on
urrent threads. The workload was evenly distributedamong the threads running on the 
lient node. For instan
e, in the 
ase of one thread,the ROS 
lient issued 32 
alls; in the 
ase of two threads, ea
h ROS 
lient issued 16
alls; �nally, in the 
ase of 32 threads, all 32 ROS 
lients issued 1 
all ea
h. The timewas measured from the beginning of the �rst 
all until all 
lient threads re
eived theresults ba
k from the ROS.The previous results showed that the bottlene
k of retrieving the network 
ostsof the best repli
a is not the ROS but the 
entral network monitoring ar
hive. Thus,these tests essentially evaluate the s
alability of the network monitoring servi
e. Theresults in Figure 4.18 show the response time for the 32 
alls is redu
ed by around10% going from 1 to 32 threads.
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Figure 4.18: Total time to 
all getNetworkCost() 32 times with di�erent numbers of
on
urrent threads.This is not as large a redu
tion as was seen with the RLS and RMC servi
es and



4.5 Repli
a Manager 77
ould be due to the fa
t that while the ROS 
an handle multiple threads a

essingthe servi
e, the underlying network monitoring servi
e 
annot.4.4.2 Command Line Interfa
eAs with the other data management servi
es, the ROS 
ommand line interfa
e isimplemented in Java using the Java API. Table 4.5 shows some timing statisti
sindi
ating the time to exe
ute di�erent parts of the 
ommand getNetworkCost usedto obtain the 
ost of transferring a �le between two sites.Time (s) Operation0 - 1.2 Start-up s
ript and JVM start-up time1.2 - 1.4 Parse 
ommand and options1.4 - 2.7 Get ROS servi
e lo
ator2.7 - 4.4 
all getNetworkCost() method4.4 EndTable 4.5: Timing statisti
s for 
alling getNetworkCost in the ROS using the CLI.The total time to exe
ute the 
ommand was about 4.4 s. The start-up s
riptand the time to start the Java Virtual Ma
hine took almost 1.2 s. After parsing the
ommand line it took 1.3 s to get the ROS servi
e lo
ator. The time for 
alling themethod getNetworkCost() is some 1.7 s whi
h in
ludes 
alling the remote networkmonitor servi
e running on a di�erent site. The same 
on
lusions 
an be rea
hedas for the other servi
es - the CLI is very mu
h slower than the API due to theoverheads involved in the Java implementation, whi
h is worse for the ROS than forthe other servi
es due to the ROS's use of an external servi
e whose 
lasses have tobe dynami
ally loaded every time the 
ommand is used.4.5 Repli
a ManagerThe Repli
a Manager a
ts as an entry point to all the data management servi
es. Ituses the RLS and the RMC for 
ataloging data and the ROS for optimising �le a

ess.



4.5 Repli
a Manager 78In the original design of the data management 
omponents, it was envisaged that alloperations would be performed via the Repli
a Manager, whi
h would deal with theother servi
es internally. In other words the servi
es 
ould not be a

essed dire
tlybut only through the Repli
a Manager a
ting as a 
lient. However, at the requestof users, CLIs and publi
 APIs were made available for all the servi
es, even thoughalmost all of the required fun
tionality 
an be provided by the Repli
a Manager withlittle overhead.The Repli
a Manager is implemented as a 
lient side tool only. This has severaladvantages like easy installation and 
on�guration but some disadvantages su
h asno server side pro
essing to perform for example �le 
he
k-summing, queued �letransfers, 
he
k-pointing/restarting and rollba
k me
hanisms. The Repli
a Managerprovides four types of 
ommands:� Management 
ommands: These 
ommands 
ombine data transfer and reg-istration in the 
atalog servi
es.� Catalog 
ommands: Interfa
es to the 
atalogs. The basi
 fun
tionality hasbeen 
overed in the RLS se
tion above.� Optimization 
ommands: Repli
a optimisation 
ommands for optimised �lelo
ations and transfers.� File transfer 
ommands: Basi
 (third party) �le transfer me
hanism withoutupdating the repli
a 
atalog.Sin
e the Repli
a Manager is a 
lient side tool that e�e
tively 
ombines all the
lients of the servi
es des
ribed above (RLS, RMC, ROS), its performan
e dependsmainly on the performan
e and s
alability of these servi
es. The only part of theRepli
a Manager that has not been tested so far is �le transfer operations, so this isexamined brie
y in this se
tion.The Repli
a Manager uses primarily the GridFTP proto
ol [108℄ and thus hassimilar performan
e 
hara
teristi
s to 
onventional GridFTP �le transfers. However,sin
e the Repli
a Manager does additional existen
e 
he
ks and the Java implemen-tation 
reates some overhead, the �le transfer is slower by a 
onstant fa
tor as 
om-



4.6 Se
urity 79pared with a pure GridFTP �le transfer using for example the Globus 
ommandglobus-url-
opy.For the end-user it is of major importan
e to know how many �les 
an be trans-ferred without errors using the Repli
a Manager. For this purpose a large s
ale testwas run whi
h involved transferring 1,800 1 GB �les between NIKHEF (Netherlands)and CNAF (Italy) and registering them in the RLS using the Repli
a Manager 
om-mand line interfa
e with the 
ommand 
opyAndRegisterFile.The 1.8 TB of data was su

essfully transferred in around 62 hours. Ea
h �letransfer plus registration took between 1m45s and 1m49s, depending on the networkthroughput. The �les were transferred using parallel GridFTP streams. As 
om-pared to a single �le transfer using globus-url-
opy (1m35s), the Repli
a Managerhas an overhead of around 12 se
onds due to the 
ataloging (RLS) and the �le exis-ten
e 
he
ks (Storage Element). This overhead 
an partially be over
ome using the
ommand bulkCopyAndRegisterFile where the additional startup time of the JavaVirtual Ma
hine and some 
lass loading are negligible as they are only needed for the�rst �le transfer.4.6 Se
urityWhen dealing with large amounts of potentially sensitive data, it is of great impor-tan
e to restri
t read and write a

ess only to trusted users. The edg-java-se
uritypa
kage, des
ribed earlier in Se
tion 3.2.7 intera
ts with all the other data man-agement servi
es to enable se
ure a

ess to ea
h servi
e. However, adding a layer ofse
urity inevitably adds delays to ea
h operation, as the se
urity pa
kage has to makede
isions on whether to permit a

ess to the servi
es. In this se
tion the quantitativee�e
t this has on the performan
e of the servi
es is examined.4.6.1 Java APIUsing the se
urity modules 
reates an overhead due to the 
reation of a se
ure 
om-muni
ation 
hannel between 
lient and server, the authorisation of 
lient requestsa

ording to a 
ertain a

ess 
ontrol poli
y, et
. Table 4.6 shows the time to insert a



4.6 Se
urity 80number of GUID to SURL mappings into the LRC using a Java 
lient with a se
ureand inse
ure servi
e.Mappings Se
ure servi
e (s) Inse
ure servi
e (s)1 0.77 0.0710 7.07 0.54100 55.44 3.381000 527.12 28.61Table 4.6: LRC Java 
lient performan
e with se
urity on and o�.There is a roughly 
onstant overhead to ea
h operation when using se
urity dueto the reasons dis
ussed above. Sin
e the se
urity me
hanisms are used every timethe method is 
alled the e�e
t is 
umulative with the number of times it is 
alledand means the operations take 10 to 20 times longer than they do without se
urity.A 
omparison between insert and query times, using a similar set-up to that whi
hgave the results in Figure 4.6, is shown in Figure 4.19.

0

500

1000

1500

2000

2500

3000

0 20 40 60 80 100 120 140 160 180

No. of entries (1000s)

T
im

e 
pe

r 
in

se
rt

/q
ue

ry
 (

m
s)

Query

Insert

Figure 4.19: Time to insert mappings and query one GUID for di�erent numbers ofentries in the LRC, using 5 
on
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lients, with se
urity enabled.



4.6 Se
urity 81It 
an be seen that the query times are faster than insert, as before, but the timesfor both hardly vary with the number of entries in the 
atalog. This is due to thelarge e�e
t of se
urity, whi
h does not depend on the size of the 
atalog, making thetime for the database operations and SOAP messaging negligible by 
omparison.Some timing statisti
s for the server-side pro
essing involved in 
alling the ad-dMapping() method with se
urity are shown in Table 4.7. Note that this was not the�rst time the method was 
alled, hen
e the Java 
lass loading whi
h is done the �rsttime a 
lass is used was done in a previous method 
all and does not a�e
t the timesgiven here.Time (s) Operation0 - 0.061 Initialise se
urity 
lasses0.061 - 0.115 Examine 
erti�
ate and get keys0.115 - 0.250 Find CA 
erti�
ate to validate 
lient 
erti�
ate0.250 - 0.292 A

ept 
lient 
erti�
ate0.292 - 0.299 Database operations0.299 - 0.304 Return from method0.304 EndTable 4.7: Server-side timing statisti
s for 
alling addMapping() using the Java APIwith a se
ure LRC.Firstly, around 60 ms was spent 
onstru
ting and initialising the se
urity 
lassesrequired, then it took 55 ms to 
he
k the 
lient 
erti�
ate was a valid Grid 
erti�
ate.In order to �nd out if a 
lient 
an be entrusted to perform the operations on the
atalog, its 
erti�
ate is validated against the Certi�
ate Authority (CA) 
erti�
ateof the CA that issued it. It took 135 ms to �nd the 
orre
t CA 
erti�
ate and afurther 40 ms to 
he
k the 
lient 
erti�
ate against it. The database operations tomodify the 
atalog took 7 ms and there were a further 5 ms until the eventual returnfrom the method.In total the method 
all took 304 ms, whi
h 
ompared to the average of 25 msit takes when not using se
urity, is a long time, but the se
urity overhead 
aused by
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urity 82the validation of 
erti�
ates is unfortunately unavoidable. However, if there was amethod for performing bulk operations on the 
atalog, this would mean the se
urity
he
k would only take pla
e on
e and so the e�e
t would be mu
h smaller.4.6.2 Command Line Interfa
eIn previous results given whi
h did not use se
urity the time to perform an operationon a 
atalog servi
e using the 
ommand line interfa
e was at least 3 se
onds. Thereforethe relative e�e
ts of adding se
urity, whi
h mainly a�e
ts server-side operations,should be less than with the API. The timings observed for using the 
ommandaddMapping on the LRC using the CLI are shown in Table 4.8.Time (s) Operation0 - 0.7 Start-up s
ript and JVM start-up time0.7 - 0.8 Parse 
ommand and options0.8 - 1.5 Look for VOMS 
redentials in 
lient 
erti�
ate1.5 - 2.3 Get LRC servi
e lo
ator2.3 - 2.4 Get LRC obje
t2.4 - 3.7 Call to the lr
.addMapping() method2.4 - 3.0 Class loading3.0 - 3.6 Se
urity 
he
k3.0 - 3.03 Examine 
erti�
ate and get keys3.03 - 3.36 Class loading3.36 - 3.60 Find CA 
erti�
ate to validate 
lient 
erti�
ate3.6 - 3.7 Database operations and end 
ommand3.7 EndTable 4.8: Timing statisti
s for 
alling addMapping using the LRC 
ommand lineinterfa
e (se
urity parts in bold).The times for the parts not involving se
urity (starting JVM, parsing 
ommandline options et
.) are similar to those observed in Table 4.2. Se
urity adds delaysin two pla
es: 
he
king for VOMS 
redentials in the 
lient 
erti�
ate and authenti-
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ation on the server-side. The pro
ess of examining the 
lient 
erti�
ate for VOMS
redentials takes 700 ms and the se
urity authenti
ation takes around 600 ms, twi
eas long as with the API, due to the 
lass loading that takes pla
e.In summary, se
urity in
reases the time to insert a mapping into the LRC byaround 20% when using the 
ommand line interfa
e and therefore is not a majorhindran
e to that performan
e. However, for normal use when performan
e is im-portant the API should be used in preferen
e to the CLI, and with the API se
uritydoes severely a�e
t the performan
e, slowing it down by a fa
tor of at least 10. Butin 
ertain appli
ations, su
h as medi
al imaging, se
urity is of paramount importan
eand therefore the penalties of using se
urity are unavoidable.4.7 SummaryIn this 
hapter the performan
e of several 
omponents of the European DataGriddata management software has been examined. Comparison of timing statisti
s fromC++ and Java 
lients has shown that their performan
e is similar but C++ has aslight advantage. For ea
h 
all to a 
atalog servi
e (RLS or RMC), the databaseoperations on the server take under 10 ms (for an empty 
atalog) and the rest of thetime is spent in messaging between the 
lient and server.The time to query a 
atalog (20 ms) is independent of the number of entrieswithin it, up to around 1 million entries, and the performan
e penalty at this pointis due to the underlying database. The Java API, when used to add entries, givespoorer performan
e with a higher number of mappings, whereas the C++ API givesroughly 
onstant timings. However, the 
atalogs 
an easily handle up to 200 
on
ur-rent operations and in fa
t throughput rea
hes a maximum when 10 - 20 
on
urrenta

esses take pla
e.Table 4.9 shows, for the typi
al use 
ase des
ribed in Figure 3.9 of a user 
opyinga 1 GB �le 
urrently on the Grid to another Grid site, the approximate time for ea
hoperation using the Java API with se
ure and inse
ure servi
es. The �gures are givenassuming this was not the �rst time the servi
es had been used, therefore the e�e
tsof 
lass loading are not in
luded.



4.7 Summary 84Operation Servi
e used Time (se
ure) (s) Time (inse
ure) (s)getGuid RMC 0.3 0.02listRepli
as RLS 0.3 0.02listBestFile ROS 0.9 0.6
opyFile RM/SE 95.0 95.0registerFile RLS 0.3 0.02Total 96.8 95.66Table 4.9: Timings for ea
h part of the use 
ase des
ribed in Figure 3.9 when usingse
ure and inse
ure servi
es.Clearly, when operations involve the transfer of large �les (1 GB), the overhead ofdata management servi
es, whether se
ure or inse
ure, is negligible (< 2%). However,if the �le sizes are MB in size, they 
ould be transferred in less than one se
ond andin this 
ase the servi
es overhead would be of the same order of magnitude as thetransfer time. For those operations whi
h do not involve data transfer, su
h as asimple query for a set of data, the rea
tion time of the servi
e is the limiting fa
tor andhere there would be a large di�eren
e in performan
e when se
ure servi
es are used,however further work on bulk operations 
ould possibly limit these e�e
ts. Overall,the servi
es 
ope well under stressful situations, dealing with many 
on
urrent userspla
ing high demands on them and eÆ
iently handling large amounts of data. TheRLS has already been used in a produ
tion 
ontext in the LHC Computing Grid for aCMS data 
hallenge from Mar
h to May 2004, when it was used to store informationon over two million repli
ated �les.
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Chapter 5
Grid Optimisation
So far we have des
ribed how Grids work and shown that Grid middleware servi
eshave been developed to the extent to whi
h they 
an be used in produ
tion environ-ments. On
e the 
on
ept has been shown to work, it is important to make it work aseÆ
iently as possible. In this 
hapter the pro
ess of optimising the use of the Gridwill be examined. The two main areas of relevan
e, espe
ially for a Data Grid, areoptimising job s
heduling and repli
ation of data. The aim in both of these areasis to minimise the time spent a

essing data whilst ensuring resour
es are used totheir full potential. The s
heduling poli
y proposed here is based on minimising theestimated a

ess time to data for a running job. It aims to s
hedule the job as 
loseto the data as possible whilst not overloading resour
es. For repli
a optimisation wepresent an e
onomi
 model for �le trading, with ea
h Grid site buying and selling�les to in
rease its own pro�t. As a result of this lo
al optimisation it is hoped thatrepli
ation and data a

ess will be optimised globally.This 
hapter is stru
tured as follows: �rstly the issues surrounding distributeds
heduling and how it di�ers from lo
al s
heduling are dis
ussed. Some answers tothe Grid s
heduling problem are then presented for 
omparison with our own solutionbased on the estimated data a

ess time. Repli
a optimisation and its various stagesare des
ribed, then the ar
hite
ture and reasoning of the e
onomi
 model we proposeis dis
ussed in detail.
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heduling OptimisationS
heduling is the pro
ess of de
iding when and where a task should be performedin a system of one or more elements 
apable of performing the task. In a lo
alised
luster 
omputing environment a 
entral s
heduler distributes jobs to homogeneousworker nodes and, sin
e the s
heduler has full knowledge and 
ontrol of the resour
esavailable, informed s
heduling 
an be done based on well-known algorithms. In adistributed Grid environment there are more fa
tors to take into 
onsideration andthe s
heduling de
ision 
an be
ome 
omplex.5.1.1 Lo
al S
hedulingS
hedulers for 
lusters or farms of PCs have generally dealt with environments wherethe resour
es are dedi
ated and the s
heduler has 
omplete 
ontrol over their use.Typi
ally all the nodes are homogeneous, or at least, a typi
al user job 
an run onany of the nodes available. When a job is sent to the s
heduler the user spe
i�esa limit on the time they expe
t it to run for, the number of pro
essors required (ifsub-jobs 
an run in parallel) and the exe
utable. The job is held in an ordered queue,whi
h may be �rst 
ome-�rst served, or users may have di�erent priorities assignedto them to de
ide their position in the queue. The s
heduling poli
y is 
ompletelyunder the 
ontrol of the administrator of the system as is the poli
y of whi
h nodes
an be used when and by whi
h user.Among the many s
hedulers that 
urrently exist are the Portable Bat
h System(PBS), Load Sharing Fa
ility (LSF), Network Queueing Environment (NQE) andIBM's LoadLeveler. PBS is used for lo
al job s
heduling in the S
otGrid 
luster (seeAppendix A). All these s
hedulers operate in a similar way, following the 
lient-servermodel. A server runs the s
heduling servi
e, a

epting job submissions from 
lients,queueing the requests, submitting the jobs to pro
essing nodes and returning theresults to the 
lient when the job �nishes. The s
heduling pro
ess is transparent tothe users, and mu
h the same should be true for a Grid s
heduling pro
ess.
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hedulingA distributed environment presents many 
hallenges whi
h make s
heduling a more
ompli
ated task. The generalised ar
hite
ture of a Grid is shown in Figure 5.1. Userssubmit jobs via a User Interfa
e to the Workload Management System (WMS). TheResour
e Broker uses information on the Grid resour
es to �nd 
andidate sites forea
h job and then s
hedules the job for submission to the most suitable site. TheWMS distributes jobs to the Computing Elements, whi
h ea
h do their own internallo
al s
heduling, as des
ribed in the previous se
tion.
Resource Broker

Computing
Element

Computing
ElementStorage

Element
Storage
Element

Submit JobResource Information Resource Information

Submit Job

User Interface

Workload Management System

Job execution site Job execution site

Figure 5.1: Generalised ar
hite
ture of a Grid, showing the 
omponents related tos
heduling.The Resour
e Broker de
isions are 
ompli
ated by several fa
tors: �rstly, the re-sour
es are heterogeneous - anything from a single PC to a 
luster to a super
omputer
ould be linked into the Grid, ea
h with a variety of ar
hite
tures and operating sys-tems, and so the s
heduler 
annot assume all resour
es are suitable for all jobs. Theseresour
es may not be ex
lusively for Grid use and may be further restri
ted to onlyallow 
ertain Grid users to run jobs, and so the s
heduler has to �t in to the lo
alpoli
ies de�ned at ea
h site. This also brings in the issue of se
urity, in that the lo
aladministrators have to trust the Grid s
heduler not to abuse their resour
es, and so
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heduler must have se
urity me
hanisms so that it 
an trust its users. Linkedto the poli
y issue is the idea of a

ounting for use by di�erent groups or VirtualOrganisations. In an a
ademi
 environment paying for resour
es used is not su
h abig issue but for 
ommer
ial Grids there must be a way for users to tell the s
hedulerwhat they are willing to pay for, and the s
heduler must deliver the required qualityof servi
e.On a more te
hni
al level, resour
es on a Grid may go up or down without warning,due for example to interrupted network 
onne
tions or the system being deliberatelytaken o�-line for hardware updates. The s
heduler must therefore know what thestate of the Grid is at s
heduling time and any advan
e s
heduling would 
learlybe risky. There must be some way to mat
h up the resour
es required by a job andresour
es provided by the Grid, for example limits on running time, operating systemand memory available. Me
hanisms for this are dis
ussed in the next se
tion.Many distributed systems are 
exible in the jobs that ea
h site 
an run be
ausethe s
heduler 
an ship the appli
ation software to the job exe
ution site. This meansthere is no pre-requisite for the appli
ation to be installed on the exe
ution node,it 
an simply be installed and uninstalled on the 
y before and after the job runs.However, in the 
ase of high energy physi
s the size of the appli
ations (on the orderof Gigabytes) makes this approa
h infeasible, and so the s
heduler must take intoa

ount requirements on the (pre-installed) software available at ea
h site.5.1.3 Grid S
heduling Poli
iesMu
h resear
h has been 
arried out in the �eld of distributed s
heduling, howevermost of it does not take data requirements into a

ount. In this se
tion, a solution tothe resour
e mat
hing problem is outlined, then an overview is given of some poli
ieswhi
h do not look at data requirements, some whi
h do, some e
onomi
 approa
hesand �nally our s
heduling poli
y based on the a

ess time to data.
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e Mat
hing in a Grid EnvironmentIn an environment in whi
h jobs with di�ering requirements are to be exe
uted ona Grid with various types of resour
es, there must be some mat
hmaking servi
ethat ensures a suitable resour
e is found for ea
h job. The ClassAd language [110℄was written to des
ribe jobs and resour
es in Condor [90℄ (the name is derived from
lassi�ed advertisements in newspapers). Using this language, jobs 
an advertise theirneeds and resour
es 
an spe
ify what they are willing to supply. A mat
hmakingservi
e uses the ClassAds to �nd resour
es that mat
h the jobs.The language uses key-value pairs to express required values for 
ertain attributesof the job and attributes of ea
h resour
e. The job ClassAd 
an then de�ne a rankingme
hanism for the resour
es that mat
h its requirements, su
h as pro
essor speed ornumber of free CPUs. In a Grid many separate entities are used in the exe
ution ofa job and so an extension to the mat
hmaking framework 
alled gangmat
hing [111℄was introdu
ed to over
ome the limitations of bilateral mat
hmaking, where one jobis mat
hed to one resour
e. Using gangmat
hing, a job 
an spe
ify requirements onmultiple resour
es su
h as CPUs, storage and even requirements su
h as softwareli
enses whi
h may vary between sites.ClassAds are used as the Job Des
ription Language for the Workload ManagementSystem of EDG (Se
tion 3.1.2) and users 
an spe
ify input and output data sets aswell as the usual hardware and software requirements of the job.Non-data-
entri
 S
hedulingThere are several groups whi
h have proposed solutions to distributed s
heduling,but whi
h do not take data requirements into a

ount. In [42℄ an iterative approa
his used to s
hedule multiple (possibly linked) jobs simultaneously, �nding an optimalgroup of resour
es with just enough ma
hines to run the jobs. It was found in [74℄that 
ontinual adaptive s
heduling, where job times are monitored and used to predi
tfuture job times, worked best when the jobs all ran for similar lengths of times but a�rst-
ome �rst-served poli
y was better in other situations. A novel approa
h wherea job is submitted to many queues is presented in [122℄. When the job is ready to
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e it noti�es all the other queues to remove the job. In [70℄, it wasfound that for parallel jobs, using the maximum available resour
es possible for ea
hjob gave the best results. This kind of resear
h has been on-going for many yearsbut the main theme behind all these ideas is that s
heduling must be adaptive to the
hanges in the environment.Data-
entri
 S
hedulingAs the area of data-intensive pro
essing in a distributed environment is relativelynew, mu
h less resear
h has been 
arried out 
onsidering data lo
ation in s
hedulingde
isions. In [124℄, I/O 
ommunities are de�ned whi
h bind together job exe
utionand storage sites. The 
ommunities lo
ally share data, but they are free to de�neexa
tly what \lo
ally" means themselves (for example the data 
ould really be onsite or the site 
ould be willing to 
a
he from a remote site). ClassAds are used format
hmaking and they 
an spe
ify data and rank sites on the lo
ality of this data.Data lo
ation is 
onsidered in the s
heduling algorithms dis
ussed in [3℄. Dire
tedA
y
li
 Graphs are used to de�ne related tasks and sub-tasks, and the s
hedulingpoli
y is based on heuristi
s like Min-Finish or Max-Finish (run �rst the task withthe shortest 
ompletion time or longest 
ompletion time respe
tively). However thes
heduling for all the tasks is done at the start and the s
heduler assumes stati
 Grid
onditions - an assumption whi
h would not be true in a real Grid environment.S
heduling jobs to sites that already 
ontain the required data is shown to givethe highest job throughput in [112℄. The assumption is made that the data requiredfor a job is all in one �le, therefore all the data is either available on site or not. Inour 
ase jobs may require multiple �les whi
h may be distributed over several sites.Thus s
heduling the job to the data is not as simple as �nding where the data is andsending the job to where it 
an a

ess all the data lo
ally.E
onomi
 S
hedulingE
onomi
 approa
hes to Grid s
heduling [24, 25, 51℄ involve resour
es 
ompeting toprovide a servi
e (time on a pro
essor) for a pri
e (real money or \Grid 
redits").
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heduling in a distributed heterogeneousenvironment. If the lo
al resour
e poli
y states that 
ertain users 
annot use theresour
e, it 
an pri
e its resour
e out the range of these users or simply refuse tosell it to them. By making the resour
es 
ompete for the users money, mu
h of thework is taken away from the s
heduler, sin
e the resour
es 
ompete to gain tasksfrom the s
heduler, rather than the s
heduler having to look for resour
es itself. This\pull" model is in 
ontrast to the traditional \push" model used by most s
hedulingsystems. Users pla
e 
onstraints on the deadline and/or budget for their jobs and thes
heduler must try to �nish all the jobs before the deadline without spending morethan the allo
ated budget. The use of e
onomi
 models in a Grid environment willbe dis
ussed in more detail in Se
tion 5.4.S
heduling using A

ess CostsIf a job is data-intensive then the s
heduler should make sure the job is s
heduledto where it 
an most easily a

ess the data required. The s
heduling algorithm wepropose [27℄ for these types of jobs is based on the \a

ess 
ost" of obtaining the datafor the job. A

ess 
ost here is not monetary 
ost but the estimated time to 
opy allthe �les needed for the job into a lo
al 
a
he or storage so the running job 
an a

essthem dire
tly. From a set of sites that are suitable for the job (a

ording to lo
alpoli
y and the job requirements), the job is s
heduled to the site with the minimuma

ess 
ost.The data requirements for ea
h job are supplied to the s
heduler in the formof unique identi�ers for the �les 
ontaining the data (LFNs in the LFN:GUID:SURLmodel used in EDG). The �les may have multiple repli
as distributed around the Grid,so network monitoring (Se
tion 3.1.5) and repli
a lo
ation servi
es (Se
tion 3.2.3) orother me
hanisms des
ribed in the next se
tion are used to �nd the 
opy that 
an bea

essed in the fastest time from the site on whi
h the job is running. This time isthe a

ess 
ost of one �le and the a

ess 
ost of the job is the total a

ess 
ost of allthe �les required. From a set of potential sites that satisfy all the other requirementsfor the job (operating system, minimum CPU speed et
.), the s
heduler submits thejob to the site with the lowest a

ess 
ost for the job. This ensures the data is
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a Optimisation 92retrieved as qui
kly as possible and hen
e minimises the main time-
onsuming fa
torin data-intensive jobs.Here we make several assumptions about the nature of data-intensive jobs anduse high energy physi
s analysis pro
esses as a model. Our de�nition of a job is atask that must a

ess a list of �les and perform some 
omputational pro
essing onthe data in the �les. This pro
essing 
ould possibly lead to output data, but the sizeof this data is very small 
ompared to the input data in the type of job in whi
h weare interested. We assume that the pro
ess time of a job is related to the amountof data required, i.e. the pro
ess time per �le is approximately 
onstant (for �les ofapproximately equal size). Therefore the limiting fa
tor in the time to run a job willbe the time taken to a

ess the data, and s
heduling poli
ies whi
h use the a

ess
ost metri
 should be the most e�e
tive at maximising job throughput.Using the a

ess 
ost of the 
urrent job alone does not take into a

ount theworkload of the Grid sites, therefore we introdu
e an extension to the a

ess 
ostpoli
y, queue a

ess 
ost. The queue a

ess 
ost is the sum of the a

ess 
osts ofall the jobs waiting in the queue at a site and the job is submitted to the site withthe minimal queue a

ess 
ost value. The queue a

ess 
ost gives a rough estimateof how long a job would have to wait in a queue before it starts running. Queuea

ess 
ost therefore takes into a

ount data lo
ation and workload in one metri
.Results presented later in Chapter 7 will show that for most situations queue a

ess
ost s
heduling out-performs other poli
ies, giving lower run times for users' jobs andmaking the best use of available resour
es.5.2 Repli
a OptimisationIn the Data Grid environment the availability of data and eÆ
ient a

ess to it is ofprime importan
e. Repli
ating data to di�erent lo
ations in
reases the likelihood ofdata being available and de
reases the time to a

ess the data. However, in a Gridwith �nite storage resour
es and network bandwidth, repli
ation must be 
ontrolledin su
h a way as to maximise the job throughput with the resour
es available. Thesolution we propose to handle data repli
ation uses an e
onomi
 model 
ombined
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a Optimisation 93with an au
tion proto
ol for �le trading over a peer-to-peer (P2P) network betweensites. Agents lo
ated on ea
h Grid site use the �le trading me
hanisms to optimisedata a

ess for jobs running on their lo
al site, and as a result data a

ess a
ross thewhole Grid is optimised.Our model is primarily designed to address the issue of laten
y, i.e. providing themost eÆ
ient a

ess to data for jobs, rather than general availability of data. Manyrepli
ation solutions are designed for P2P networks with a high level of unreliabilityfor ea
h node and whi
h deal with relatively small �les. P2P nodes may be users'home 
omputers for example whi
h are swit
hed o� every night. The Data Gridsbeing 
onstru
ted for large s
ienti�
 experiments su
h as those at the LHC (Se
-tion 1.3) 
onsist of sites whi
h will be generally reliable, only going o�ine in the 
aseof s
heduled downtime or serious failure, and so data on these sites should generallybe 
onstantly available. Even though the number of �les involved is similar in bothsituations (millions), the �les in high energy physi
s are Gigabytes in size 
omparedto Megabytes in P2P networks, hen
e the eÆ
ient a

ess to this size of data be
omesmu
h more important than availability.Repli
ation studies were �rst applied to databases [1, 133℄ for 
ases where highavailability was required. Databases or parts of databases were repli
ated amongdi�erent sites using algorithms whi
h depended on the previous read/write a

esspatterns on the data. Sin
e the data in the database 
ould 
hange, maintaining
onsisten
y a
ross all repli
as was a big issue. However, in Data Grids most data isread-only and hen
e there are few 
on
erns over 
onsisten
y between repli
ated data.Repli
ation strategies may be used to 
ontrol the number and lo
ation of repli
asof a given data �le, or there may be an impli
it strategy whi
h brings about anoptimised network for the users. The Gnutella network [80℄ for example performsno repli
ation itself but popular �les automati
ally be
ome more widely available asmore 
opies are downloaded by users who then make them available from their own
omputers.Freenet [38℄ uses a repli
ation strategy in whi
h repli
ation is triggered when thenumber of requests for a �le rea
h a 
ertain level. In return for the use of the network,users must provide a portion of their own storage spa
e whi
h 
an be used by the
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a Optimisation 94network to store any repli
ated data. This data is en
rypted so users 
annot be heldresponsible for any illi
it data FreeNet pla
es on their 
omputer. Storage is managedusing a Least Re
ently Used algorithm, where the �le least re
ently a

essed is deletedto make room for a new repli
a. File popularity also triggers repli
ation in [112℄.Here, the �le is either repli
ated to a random site or to the site with the smallestqueue of jobs waiting to run, depending on the strategy used. This 
reates a globaldistribution of repli
as related to their popularity but does not give optimum lo
alavailability for repli
as at a parti
ular site. A similar approa
h is followed in [114℄,whereby at set time intervals the availability of a �le on the network is 
al
ulated. Ifit is too low, additional repli
as are 
reated and if it is too high, repli
as are deleted.This strategy is also used in [113℄, where a set level of availability is maintained forea
h �le by 
reating new repli
as and deleting ex
ess repli
as. When a de
ision hasbeen made to 
reate a new repli
a, the destination site is 
hosen to be the site whi
his predi
ted to have the highest number of future requests for the �le.The di�eren
e between these strategies and our e
onomi
 strategy is that we haveagents on every site whi
h only aim to optimise �le a

ess for the lo
al site. Thismeans the agents do not need to dire
tly know about the global state of the Grid.Global optimisation is the emergent result of lo
al optimisation.In the EDG Repli
a Optimization Servi
e (ROS) (Se
tion 3.2.5), automati
 repli-
ation takes pla
e whenever a �le is requested that is not available on lo
al storage(storage on the same site as the Computing Element running the job). When a jobrequires a �le, it 
onta
ts the Repli
a Lo
ation Servi
e to obtain the lo
ations of allthe repli
as then uses the ROS to �nd the best one to a

ess. If a repli
a alreadyexists on lo
al storage, this one is used but if not, the repli
a whi
h 
an be a

essedin the fastest time a

ording to the 
urrent network traÆ
 is 
opied to the lo
alstorage then a

essed from there. Like Gnutella, the most popular �les be
ome morewidespread automati
ally as a result of the repli
ation strategy.In our model, repli
a optimisation is performed by agents, or Optimisers, one forea
h Grid site. The ar
hite
ture and intera
tions of the Optimisers with other Grid
omponents is shown in Figure 5.2. The Computing Elements gain a

ess to �lesrequired for the jobs they are running via the Optimiser inside the Repli
a Manager.



5.2 Repli
a Optimisation 95The Optimiser 
ontrols the �les stored on its lo
al Storage Element and intera
tswith Repli
a Managers on other sites to 
opy �les around the Grid.
Storage
Element

Storage
Element

Computing
Element

Replica    Manager

Computing
Element

Replica    Manager

Optimiser Optimiser

Job execution site Job execution site

Figure 5.2: Optimiser intera
tions with other Grid 
omponents.Every Optimiser has two goals: (1) to minimise a single job's exe
ution time and(2) to maximise the usefulness of lo
ally stored �les. Users want their jobs to beexe
uted in the qui
kest time; therefore an Optimiser aims to minimise the exe
utiontime of every job that is exe
uted in its Grid site. The Optimiser therefore aims tokeep lo
ally those �les whi
h are most useful for the jobs that are being exe
uted
urrently and for potential future jobs.Whenever an Optimiser is 
onsidering a �le request, it exe
utes the followingthree tasks:� Repli
ation De
ision. If a requested �le is not present on a site's lo
al storage,this pro
ess de
ides whether lo
al repli
ation of this �le should take pla
e. Ifthe Optimiser de
ides not to repli
ate a �le then the job must remotely a

essthat �le, 
opying it to a temporary lo
al 
a
he.� Repli
a Sele
tion. This pro
ess sele
ts the best repli
a to repli
ate lo
ally or to
opy to the lo
al 
a
he from those 
urrently available throughout the Grid. Ingeneral, the sele
tion 
riterion depends on the 
hosen evaluation measure.� File Repla
ement. When a �le has been sele
ted for repli
ation to the site'slo
al storage, there might not be suÆ
ient spare 
apa
ity. In this 
ase, one
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a Optimisation 96or more lo
al �les must be deleted. The sele
tion 
riterion for de
iding whi
hlo
ally stored �les to delete depends on some estimate of future value in keepingea
h �le.A spe
i�
 
ombination of the algorithms for ea
h stage de�nes a repli
a optimi-sation strategy. Some strategies that we have implemented and tested in the Gridsimulator OptorSim (see Chapter 6, [13, 14℄) are shown in Table 5.1.Strategy Repli
ation De
ision Repli
a Sele
tion File Repla
ementNo Repli
ation Never Repli
ate RLS + Net Mon NoneLeast Re
ently Used Always Repli
ate RLS + Net Mon Least Re
ently UsedLeast Frequently Used Always Repli
ate RLS + Net Mon Least Frequently UsedE
onomi
 Model Predi
tion Fun
tion Au
tion Proto
ol Predi
tion Fun
tionTable 5.1: Examples of repli
a optimisation strategies.5.2.1 Repli
ation De
isionIn a Data Grid, when a �le is required by a job and is not available on lo
al storage,it may either be repli
ated to lo
al storage and read from there, or read remotely to atemporary 
a
he from the storage on some other site. Therefore a repli
a optimisationstrategy must make de
isions on whether or not to 
opy ea
h �le into lo
al storage.If the �le is repli
ated lo
ally, the next time it is requested the job 
an read it qui
klyand the time to 
omplete the job will be redu
ed1. But if repli
ating the �le requiredthe deletion of other �les, future jobs requiring those �les whi
h were deleted willtake longer. A balan
e must therefore be found whereby only the most popular �lesare stored lo
ally. The simplest strategies are to never repli
ate or to always repli
ateto lo
al storage. Never repli
ating would result in very bad performan
e and 
reatehuge bottlene
ks in the network, whereas always repli
ating (as in the EDG ROS)tends to 
reate more repli
as of the more popular �les, as mentioned previously.The best solution is to evaluate on a �le by �le basis whether a �le is worth having
ompared to all the other �les already there. This requires an algorithm to predi
t1It is assumed that reading a �le from storage on the same site is mu
h faster than reading froma remote site over a wide area network.
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a Optimisation 97the future \value" of ea
h �le, based on some information su
h as previous �le a

esshistory. In [30℄ an e
onomy-based predi
tion fun
tion was presented whi
h usedpatterns of previous �le a

ess history to predi
t future �le a

esses. The optimisersmade a de
ision to \invest" in a �le (i.e. repli
ate it to lo
al storage) if the predi
tionfun
tion showed pro�t 
ould be made from selling the �le in future. This predi
tionfun
tion is explained in more detail in Se
tion 5.4.5.2.2 Repli
a Sele
tionWhether a �le is to be repli
ated or 
opied to a lo
al 
a
he, a remote sour
e �lemust be sele
ted from among the existing repli
as 
urrently on the Grid (assumingthere is at least one 
opy available). There are several ways in whi
h this 
an bedone: looking up the lo
ations of other repli
as and using the network status to pi
kthe best one, via a P2P au
tion pro
ess, or using ClassAds. The �rst 
ase has beendes
ribed already for the EDG ROS and sele
tion based on ClassAds is des
ribedin [128℄. The P2P au
tion pro
ess we have developed as part of the e
onomi
 modelis des
ribed later in Se
tion 5.4.5.2.3 File Repla
ementWhen the de
ision has been made to repli
ate, a suitable sour
e �le has been found,and the lo
al storage does not have enough spa
e to a

ommodate the new repli
a,one or more �les 
urrently on the lo
al storage must be deleted. The situation of �lerepla
ement on Grid storage resour
es is analogous to the well-resear
hed problemof 
a
he management in a single CPU's memory and disk spa
e. Reading data frommemory takes a fra
tion of the time that it does from disk, so it is desirable to keepthe most 
ommonly used data in a memory 
a
he. Unlike a Grid, where �les may beread remotely from other sites, data must be read into memory before it is read bythe CPU, hen
e a 
areful 
hoi
e has to be made on whi
h data to delete. On the Grid,the algorithm must also take into a

ount that some data should not be deleted, su
has �les that are 
urrently being used and �les that are the last remaining repli
a of aparti
ular set of data. This latter problem 
an be solved by using \master" repli
as
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h 
annot be deleted, and these 
ould be stored at the lo
ation where the datais �rst produ
ed, or it may be more eÆ
ient to sometimes 
hange whi
h repli
a isthe master repli
a. Several 
a
he management algorithms as well as the �le valuepredi
tion fun
tion used in the e
onomi
 model are des
ribed in the next se
tions.5.2.4 Other ProblemsThere are of 
ourse other issues of a so
ial rather than te
hni
al nature to solve inthe Grid environment before any algorithms 
ould be used to manage storage spa
e.Optimisation algorithms must be given 
omplete 
ontrol of what is stored at ea
h siteon the Grid, and the owners and lo
al administrators of the resour
es on these sitesmay not be happy allowing the Grid this level of 
ontrol. Although the use of a Grid issupposed to be transparent, many users like to know exa
tly where their �les are andwould rather not trust the Grid to move their data around 
ontinuously. These issuesare outside the s
ope of this work; here we 
on
entrate on �nding the algorithm whi
hgives the best performan
e te
hni
ally, not whi
h is the most a

eptable to users.5.3 Non-e
onomi
 Repli
a Optimisation StrategiesThe non-e
onomi
 repli
a optimisation strategies we investigate (Least Re
ently Usedand Least Frequently Used in Table 5.1) always repli
ate to the lo
al storage anduse a repli
a lo
ation servi
e along with network measurements to make the repli
asele
tion. The �le repla
ement algorithms are taken from re
ent studies into 
a
hemanagement.Two traditional 
a
he repla
ement algorithms, on whi
h almost all others arebased are Least Re
ently Used (LRU) and Least Frequently Used (LFU). In the LRUalgorithm the �le or blo
k of data whi
h has the oldest last a

ess time (i.e. wasa

essed least re
ently) is sele
ted for deletion. Using LFU, the �le or blo
k of datawhi
h has been a

essed the least number of times in the past is deleted. They bothhave their own advantages and disadvantages. LRU is very simple, requires littleinformation to be stored and has a low 
omplexity. However just be
ause a blo
khas been a

essed re
ently does not ne
essarily mean it is a popular blo
k, so little
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ks 
an stay in the 
a
he for a long time. LFU, on the other hand uses moreinformation and so 
an make well informed de
isions on the potential usefulness ofea
h blo
k, but all this information takes up spa
e and is time-
onsuming to pro
ess.Most 
urrent systems for memory 
a
hing favour simpli
ity over a

ura
y and use theLRU algorithm for 
a
he repla
ement. Mu
h re
ent resear
h fo
uses on 
ombiningthe simpli
ity of LRU with the performan
e bene�ts of LFU.LRU-K [100℄ uses the time to the Kth most re
ent a

ess as an indi
ator ofwhi
h blo
k to delete, making it as a

urate as LFU but as simple as LRU. The 2Qalgorithm [77℄ divides the memory 
a
he in two, using one se
tion for a main queuein whi
h proven frequently a

essed blo
ks lie and the other for new blo
ks yet toprove if they are worth promoting to the main se
tion. Least Re
ently FrequentlyUsed (LRFU) [83℄ is similar to LFU but weights ea
h referen
e to a blo
k a

ordingto how long ago the referen
e was, so that blo
ks whi
h were a

essed relatively oftenin the past are more likely to be deleted than blo
ks a

essed re
ently. The LowInter-referen
e Re
en
y Set (LIRS) repla
ement poli
y [75℄ uses the number of blo
ksreferen
ed between two 
onse
utive referen
es to a blo
k to evaluate the least usefulblo
ks.The use of 
a
he management algorithms has also been investigated for web proxy
a
hing, where to redu
e network traÆ
, the most visited pages are held in a lo
al
a
he [20℄. The Least Cost Bene�
ial based on the K ba
kward referen
es (LCB-K) algorithm [104℄ was developed for Storage Resour
e Managers for use in a Gridenvironment. In general, all these algorithms give similar to or slightly better per-forman
e than LFU, but most require various parameters to be tuned to be moste�e
tive, or only work best for 
ertain 
a
he sizes or a

ess patterns. Therefore onlyLRU and LFU are investigated in detail and 
ompared with the e
onomi
 model inChapter 7.5.4 E
onomy-based Repli
a Optimisation StrategiesThe use of e
onomi
 models has been dis
ussed brie
y already in the 
ontext ofoptimised job s
heduling. Here, we apply an e
onomi
 model to the pro
ess of repli
a
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h Grid site are independent agentsresponsible for providing the fastest a

ess to data for the jobs running on the site.Optimised a

ess to data should be the out
ome of the Optimiser's main aim, whi
his to maximise its own pro�t. The Optimiser trades via an au
tion proto
ol withother sites, buying �les it hopes it 
an sell to Computing Elements on its own siteand to other Optimisers. A predi
tion fun
tion based on previous �le a

ess historyand some assumptions of �le similarity (explained later) are used to determine therelative worth of �les. Through this pro
ess of lo
ally optimising a

ess at ea
h site,global optimisation should result.5.4.1 Reasons for using an E
onomi
 ModelThere are many reasons for employing an e
onomi
 model, some of whi
h are relatedto those advantages stated earlier for e
onomi
 s
heduling poli
ies. Using this modelwe are able to make optimised repli
ation de
isions over a very large parametersset in a distributed manner. Centralised systems do not s
ale well and the Gridoptimisation servi
e must be able to deal with up to thousands of nodes and millionsof �les totalling Petabytes of data. By restri
ting the s
ope of ea
h Optimiser tolo
al optimisation we make the reasoning problem far more manageable, and byallowing e
onomi
 intera
tions to lead the system toward global optimisation throughemergent market-pla
e behaviour, we also make the system optimal.The optimisation servi
e needs to be both reliable (it should re-optimise its 
on-�guration to a

ount for failures elsewhere on the Grid) and robust (no single pointof failure should be 
apable of bringing down the system). Optimisation based on ane
onomi
 model is fully distributed in nature and is therefore reliable and robust. TheGrid is a dynami
 environment in whi
h the state of resour
es 
an 
hange withoutwarning. Thus it is extremely important to be able to perform dynami
 optimisationwhile jobs are exe
uting. By using an e
onomi
 model we 
an exploit the dynamismof the market to take informed de
isions at job exe
ution time. We do not need toknow a priori at job s
heduling time whi
h �le repli
as will be a

essed for a parti
-ular job - all the more important sin
e some jobs will not know the data they needto a

ess until they are a
tually exe
uting.
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onomi
 model provides a natural framework for possible a

ounting andpayment me
hanisms for Grid resour
es. In general a Grid is set up by various VirtualOrganisations (VOs), whi
h 
ontribute di�erently to its establishment. These VOsare made up of people from di�erent institutes or businesses whi
h invest di�erentamounts into the resour
es whi
h make up the Grid. It is likely that the VOs and thereal organisations need a way to regulate the use of the Grid a

ording to the e�ortthat ea
h of them made to establish it. An e
onomi
 model provides a suitable way tomediate this intera
tion between organisations. Even if no real money is involved inassigning resour
es, as in most s
ienti�
 resear
h Grids, users may be given \virtual"money a

ording to their status. The way this money is spent 
an be used to a

ountfor the Grid use by users and VOs.5.4.2 Agent Ar
hite
tureThe e
onomi
 model we have developed 
onsists of the agents whi
h perform thereasoning and an au
tion proto
ol the agents use to 
ommuni
ate and trade withea
h other. In ea
h optimisation agent there are three distin
t elements whi
h maybe present on ea
h site, as shown in Figure 5.3.
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Figure 5.3: Components of the optimisation agents. From [14℄.
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ture and ea
h node may 
ontain the fol-lowing 
omponents:A

ess Mediator (AM). This 
omponent is the entry point to the optimisationagents for jobs running on Computing Elements (CEs) whi
h require a

ess to �les.For ea
h requested �le, the AM starts an au
tion to identify the 
heapest repli
a ofthe �le. It gathers bids for the �le from lo
al and remote Storage Brokers, sele
ts thewinner of the au
tion and performs �le payments.P2P Mediator (P2PM). These 
omponents are responsible for establishing andmaintaining a peer to peer 
ommuni
ations infrastru
ture between Grid sites. Theypropagate au
tion messages between AMs and SBs.Storage Broker (SB). This 
omponent is responsible for maximising the pro�tgained from selling �les in its 
orresponding Storage Element (SE) and de
ides whi
h�les to repli
ate to or delete from the SE. If the SB re
eives a request for a �le andalready has the �le stored in its SE, it responds immediately with a bid re
e
ting thepri
e for whi
h it is willing to sell the �le. If the �le is not stored in the SE, the SBmay start a nested au
tion in order to obtain a lo
al repli
a of the �le and be able toreply to the parent au
tion in the knowledge that it will have the �le at some pointin the immediate future.5.4.3 Au
tion Proto
olIn order that the optimisation agents 
an buy and sell �les from ea
h other, a fair,eÆ
ient trading me
hanism is required. This me
hanism must give every agent equalstatus and redu
e the risk of 
ollusion or any kind of pri
e-�xing among the sellers.It must be eÆ
ient and simple so that it itself does not over-use Grid resour
es in itsattempts to optimise them. It must also be reliable and stable, in terms of both thephysi
al instability of the Grid resour
es and the potential instability of the market,avoiding for example hyper-in
ation of �le pri
es. Many market trading me
hanismsexist in real life �nan
ial markets, su
h as bargaining, tenders, au
tions, monopolies
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krey Au
tionsIn our model we have 
hosen to use an au
tion pro
ess - spe
i�
ally a Vi
krey au
tionpro
ess [129℄. Vi
krey au
tions are se
ond-pri
e sealed-bid au
tions and have beenshown to be fairer and more eÆ
ient than other au
tions su
h as English or Dut
hau
tions, in both 
omputer s
ien
e [71, 127℄ and other areas of 
ommer
e [91℄. Theyinvolve a single negotiation round, in whi
h ea
h bidder submits a bid to the au
tion-eer. Other bidders 
annot see the bid. The winner of the au
tion is the bidder thatmade the highest bid, but this bidder only pays the pri
e of the se
ond-highest bid.An advantage of this type of au
tion over others is that the dominant strategy forea
h bidder is to bid his true valuation. In fa
t, bidding more than the true valuationis 
learly a risky strategy: if he won the au
tion he 
ould be asked to pay a higherpri
e than he would have otherwise. On the other hand, bidding less than the truevaluation would redu
e the 
han
es of winning. Bidding the true valuation is thenthe best strategy for an agent. This maximises his 
han
es of winning the au
tionand, if he won, he would pay a pri
e less than his valuation (the se
ond best pri
e).The se
ond-pri
e au
tion also the redu
es the problem of the \winner's 
urse".If it is assumed that the average of all pri
es bid is the true value of the item, thenif the highest bidder pays the pri
e he bid, he will almost 
ertainly be paying morethan the true value. Therefore paying the se
ond-highest pri
e means the value paidis 
loser to the true value, although with a very high number of bidders this e�e
t isredu
ed.In our 
ase the role of the au
tioneer is played by the AM, while the SBs playthe role of bidders. However, the AM does not start an au
tion for selling an item(a �le in our 
ase) but for buying it. The SBs bid the pri
e they are willing to sellthe �le for and the winning SB is paid the se
ond-lowest bidding pri
e by the AM. Inother words, our e
onomi
 model uses a reverse Vi
krey au
tion. Using these type ofau
tions maintains a fair marketpla
e and, sin
e there is only one round of bidding,redu
es the messaging overhead involved in the pro
ess.
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Figure 5.4: Peer-to-peer au
tion pro
ess represented by a UML sequen
e diagram.First-level Au
tionsThe Uni�ed Modelling Language (UML) [126℄ is a family of graphi
al notations usedto des
ribe and design obje
t-oriented software systems. It provides a useful way ofexplaining diagrammati
ally at many di�erent levels how a system works and thenotations used in ea
h type of diagram are explained in Appendix C. UML sequen
ediagrams are used to des
ribe a sequen
e of intera
tions between di�erent obje
ts ina system and the �le au
tion pro
ess is shown as a sequen
e diagram in Figure 5.4.When a �le is required by a CE, the AM starts a reverse Vi
krey au
tion, andwaits until the end of the au
tion before returning the lo
ation of the winning repli
ato the CE. An au
tion �rst issues a BidRequest message for the required �le, whi
his propagated by the lo
al P2P Mediator to the lo
al SBs and other SBs via the P2Pnetwork. Depending on the topology of the network and the maximum distan
e for
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tion propagation (a parameter of the au
tion), the message will rea
h a set ofGrid sites. On
e it has issued a request for bids, the au
tion waits so potential �lesellers 
an reply with BidReply messages 
ontaining o�ers to sell the �le. After a�xed timeout, the au
tion 
al
ulates the winner (the SB that submitted the lowestbid from the bids re
eived) and the pri
e to pay the winner (the value of the se
ondlowest bid). An Announ
e message is propagated over the P2P network informingthe SBs of the au
tion result. If the au
tioneer re
eived no bids whilst waiting, theau
tion will have no winner.When the winner has been noti�ed, the au
tion waits until the winning repli
ais ready on the site. This is be
ause a SB 
an bid for a �le even if the relatedSE does not store a repli
a of the requested �le (see below for details). After anyrepli
ation pro
ess on the winning site has 
ompleted, the au
tion is noti�ed via aReadyForDownload (RFD) message and the physi
al lo
ation of the winning repli
ais returned to the CE by the AM.Nested Au
tionsOn
e a SB re
eives a request for a bid, it �rst 
he
ks if its SE stores the required�le. If the �le is present, it 
al
ulates a bid and replies with a BidReply message.This is shown in the top part of the UML sequen
e diagram in Figure 5.5. The lo
alP2PM gathers bids from all lo
al SBs and forwards them to the P2PM on the sitethat started the au
tion. This P2PM will forward the messages to the 
orrespondingAM whi
h started the au
tion.If the �le is not stored lo
ally, the SB may start a \nested au
tion". The nestedau
tion pro
ess 
onstitutes most of Figure 5.5. If the SB de
ides that owning the �lewould be e
onomi
ally bene�
ial a

ording to some pri
e evaluation method a nestedau
tion is used to obtain a 
opy. The au
tion is termed \nested" be
ause the timefor whi
h the au
tion waits for bids is shorter than the original \parent" au
tion.Thus when the nested au
tion �nishes there is suÆ
ient time to send a bid ba
k tothe parent au
tion before the parent au
tion's timeout expires. Even though the SBdoes not yet have a 
opy of the �le, if the nested au
tion was su

essful the SB 
anreturn a bid and win the parent au
tion in the knowledge that it will have the �le in
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Figure 5.5: Nested au
tion pro
ess represented by a UML sequen
e diagram. Thepart within the box marked * is the same as the 
orresponding pro
ess in Figure 5.4.
the immediate future.The nested au
tion is 
ondu
ted in the same way as in Figure 5.4, with the SBas au
tioneer instead of the AM. The box marked * in Figure 5.5 is the same pro
essas the similarly marked box in Figure 5.4. On
e a nested au
tion has su

essfullyterminated, the SB 
al
ulates a bid for the �le and sends it ba
k to the parentau
tion. It is worth emphasising that we separate bidding in the parent au
tion fromany repli
ation a
tivity. Asyn
hronous repli
ation is 
arried out regardless of whetherthe SB won the parent au
tion. If the SB did win the parent au
tion however, it waitsuntil repli
ation has 
ompleted before sending the ReadyForDownload message ba
kto the AM.There is an important di�eren
e between parent and nested au
tions. The goal
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ate the 
heapest repli
a required by some job exe
uting ona CE. The best repli
a might be lo
ated either on the same site as the CE or onany remote site. Nested au
tions always aim to repli
ate a �le to a SE, as this willin
rease the SB's expe
ted future in
ome. In other words, the me
hanism underlyingthe au
tion proto
ol performs long term optimisation allowing automati
 repli
ationtoward \data hot-spots". Also, nested au
tions allow repli
ation to third party sites:sites where the �le was not initially needed. Third party repli
ation provides a goodme
hanism for distributing required �les amongst a neighbourhood of nearby SEs. Itmeans that 
olle
tions of similar �les group together in areas in whi
h they are mostrequested, and redu
es the bottlene
ks 
aused by having all su
h �les on one singlesite.The au
tioning pro
ess does introdu
e overheads su
h as extra messaging andtime spent waiting for bids to arrive a
ross the network. Our use of Vi
krey au
tionswith one bidding round means these overheads are minimised, and the amount ofnetwork bandwidth used for au
tion messages is tiny 
ompared to the sizes of �lesthat are 
opied around the Grid. Using a distributed P2P network rather than a
entralised repli
a lo
ation servi
e means the system is more robust to failures andthe use of third party repli
ation should bring the �les on the Grid to a stable optimaldistribution.5.4.4 File Value Predi
tion Fun
tionsIn the e
onomi
 model there needs to be some me
hanism to give value to the goods,i.e. �les, being traded. The value is de�ned as the expe
ted money that 
an be madefrom selling the �les in the future, hen
e we need a \predi
tion fun
tion" to estimatethe potential pro�t to be made [29℄. In general the future pattern of �le requestson a Grid is unknown and the best we 
an do is base the predi
tion fun
tion onobservations of the past history of �le requests. We assume that �le requests are notentirely random and so the patterns seen in the past history give a reasonable guideto what might be expe
ted for future patterns.We 
an asso
iate the �le spa
e fFg whi
h represents the set of all potentiallyrequested �les with the �le-ID spa
e ffg whi
h is a set of integer positive numbers.
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h �le and the smaller the di�eren
e in two numbers, themore likely the two �les will be requested together in any given sequen
e of requests.Then we 
an represent the history of �le requests as a random walk in the spa
eof �le identi�ers ffg. A random walk 
onsists of a sequen
e of identi�ers, startingfrom an initial identi�er f0 and adding a sequen
e of random walk steps from f0to fi. Ea
h generi
 step s is an independent random variable whi
h may assumevalues within the interval [�S;+S℄, where S is the maximum di�eren
e between theidenti�ers of two su

essively requested �les.An important issue is then how to assign identi�ers to ea
h �le. One solution isat the time when the �les are 
reated or put \into the Grid", the �les are assignedidenti�ers of similar value to the �les produ
ed at the same time or by the samepro
ess. This assumes that �les produ
ed at the same time will have similar proba-bility of being requested whi
h may be likely for many appli
ations (e.g. analysis ofphysi
s simulation data) but perhaps not for others (analysis of real data produ
edby a dete
tor). A better way would be to dynami
ally (re)assign identi�ers based onthose already assigned to �les requested around the same time. At �rst this systemmight not be reliable, but as statisti
s built up of the �le request patterns the systemshould be
ome more aware of the similarity of di�erent groups of �les and assignthe identi�ers more a

urately. However, the development of a dynami
 assignmentsystem is left to future work.Binomial-based Predi
tion Fun
tionWe de�ne the value of a �le V (f) to be the number of times the �le will be requestedover some future period of time and use the random walk assumptions above to
al
ulate an analyti
al form of V (f). Ea
h step s of the random walk 
an be modelledas a dis
rete random variable with binomial distribution. The binomial distributionreturns the probability p to obtain k su

esses performing n independent trials of a
ertain test when the probability of su

ess of ea
h single trial is q. It is given by:p(k) =  nk!qk(1� q)n�k 0 � k � nWe 
an regard the random walk step size s as the sum of 2S values 
hosen in-
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a Optimisation Strategies 109dependently with probability 12 from the set f�12 ; 12g. The sum of an even numberof these values always gives an integer between �S and S. Therefore setting q = 12 ,n = 2S and k = s, we have p(s) = 122S 2Ss+ S!The �le requested at the ith step in the random walk 
an be interpreted as thesum of 2iS values 
hosen independently with probability 12 from the set f�12 ; 12g.Therefore, setting is to be the distan
e in �le spa
e travelled in i steps fi � f0, theprobability of re
eiving a request for �le f at step i is given bypi(f) = 122iS 2iSf � �f + iS!; jf � �f j � iSapproximating f0 to �f . If we have R sequen
es of �le requests ea
h 
ontaining nrequests and starting from the same position �f , then the ratiori(f)R (5.1)where ri(f) is the number of times �le f was requested at step i throughout theR sequen
es, will approximate to pi(f) for in
reasing R. Summing up all terms ri(f)for i going from 1 to n, i.e. Pni=1 ri(f), we obtain the total number of times that �lef has been requested during the R sequen
es. Dividing this sum by R, we get theaverage number of requests for f in a single sequen
e and this is equal to the sum ofall terms like (5.1) (for i going from 1 to n). Assuming pi(f) is the best estimationof (5.1) we 
an give, then the most probable number of times �le f will be requestedduring the next n requests, whi
h is exa
tly what we are looking for, is given byV (f) = nXi=1 pi(f) = nXi=1 122iS 2iSf � �f + iS! (5.2)In order to 
al
ulate this value we have to de�ne n, S and �f . Firstly we have to�x a time interval T 0 in the past that serves as the basis for our estimation. Then Tis the future interval for whi
h we intend to do the predi
tion. So, r is the number ofrequests re
eived in the last period of length T 0. By assuming that the arrival rateof requests will stay the same, n is obtained by:
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n = r TT 0 : (5.3)We give an estimation of the maximum step size S based on past steps in therandom walk. The �le requested at step i is the sum of all the steps sin
e f0 wasrequested and is given by fi = f0 + iXj=1 si:Sin
e ea
h sj is an independent random variable with symmetri
 binomial distri-bution, ea
h fi is also a random variable with the same distribution, and its varian
eis �2fi = iS2 :So going ba
k r requests into the past, ea
h f�j should have varian
e jS=2. Thebest estimation we have for this varian
e is (f0� f�j)2. Thus, weighting in favour ofre
ently requested �les, we obtain an average for SS = 2r rXj=1 (f0 � f�j)2j : (5.4)The simplest way to �x a 
entral value �f for our sequen
e of distributions onthe basis of previous requests is to 
al
ulate a weighted average among last r �lesrequested, where the weights de
rease going toward the past. That is, the morere
ently a �le has been requested, the more important it is in 
al
ulating �f .�f = rXj=1 f�jj (5.5)Therefore, using (5.3), (5.4) and (5.5) we 
an evaluate pi(f) and hen
e the futurevalue of the �le V (f) (5.2).Zipf-based Predi
tion Fun
tionAnother possible �le request distribution pattern is a Zipf distribution [135℄. Zipf'slaw was originally based on observations of the relative frequen
y of words used in
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a Optimisation Strategies 111the English language. It was found that the spread of frequen
y vs rank roughlyfollows an inverse power law, i.e. a few words o

ur very frequently while manywords o

ur rarely. The distribution 
an be des
ribed as Pi � i��, where Pi is thefrequen
y of o

urren
e of the ith ranked item and � is around 1. Any distributionfollowing this pattern 
an be termed a Zipf distribution. As an example, the numberof o

urren
es of ea
h word in Charles Di
kens' David Copper�eld, ranked by thenumber of o

urren
es, is shown in Figure 5.6, overlaid with the shape of i�� when� = 1.
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Figure 5.6: Relative frequen
y of words in David Copper�eld and the shape of i�1.Several other 
olle
tions approximately follow Zipf's law, for example the sizesof 
ities, in
ome distribution in a population and the strength of earthquakes. Allof these distributions have a few o

urren
es of ex
eptionally high values and manyo

urren
es of low values. Re
ent interest around Zipf's law has 
entred around itsuse when modelling Internet traÆ
 and the popularity of web pages. It is used inweb proxy 
a
hing, where to redu
e network traÆ
 it is desirable to 
a
he the mostpopular web pages. In [20℄ it was found that web proxy tra
es roughly followed aZipf-like distribution with the value of � between 0.64 and 0.83 depending on thetra
e.Due to the 
on
eptual similarity between web workloads and Grid �le requests,
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onomi
 predi
tion fun
tion based on the assumption of a Zipf-likedistribution of these requests. The re
ent history of �le requests is used to 
onstru
ta Zipf-like distribution based on the frequen
y of o

urren
e of ea
h �le in the history.The �les are ranked a

ording to how many times they have been requested in thepast history, with the more popular �les having higher rank. If the �le requests followa Zipf-like distribution this should give a pattern like that shown in Figure 5.6. Thenany �le with rank i will have a proje
ted number of requests and hen
e a valueV (f) = TT 0 i�� (5.6)where T and T 0 have the same meanings as in (5.3) and � is 
al
ulated by �ttingZipf's law to the observed distribution.Other predi
tion fun
tions based on di�erent analyses of �le request patterns arefeasible but in this work we only 
onsider the binomial and Zipf-based predi
tionfun
tions just des
ribed, and 
ompare their e�e
ts on the performan
e of the Grid inChapter 7.5.5 SummaryThis 
hapter has des
ribed some of the me
hanisms used to optimise the use of theresour
es on the Grid, for both providers and 
onsumers of the resour
es. It has beenshown that job s
heduling in a Grid environment is more 
omplex than lo
alisedjob s
heduling. The problems related to heterogeneity, s
alability, unreliability andse
urity on a Grid mean that resour
e mat
hing and giving users the required qualityof servi
e be
ome diÆ
ult. The solution we propose for Data Grids, where eÆ
ienta

ess to data is a key fa
tor, is to use a metri
 based on the estimated a

ess 
ost ofthe data required for a given job. Using this metri
 should ensure that when a

essto data is required, minimal network resour
es are used and hen
e minimal time isspent moving data around the Grid.Repli
ation of data also plays an important part in optimising the resour
es avail-able for data-intensive Grid jobs. Three distin
t stages of repli
a optimisation (repli-
ation de
ision, repli
a sele
tion and �le repla
ement) must be addressed by any
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ation strategy. We have proposed an e
onomi
 approa
h to repli
a optimisationwhi
h provides a solution to these three stages. Using a P2P au
tion proto
ol, �lesare traded between independent optimisation agents and a future �le value predi
-tion fun
tion is used to 
al
ulate when it is bene�
ial to repli
ate and whi
h �lesare expendable. The use of a Vi
krey au
tion means the marketpla
e is fair andeÆ
ient and the P2P nature of the 
ommuni
ations makes the system robust to fail-ures. The two versions of e
onomi
 predi
tion fun
tions presented here (binomialand Zipf-based) use a history of �le requests to estimate potential future �le requestsand hen
e how mu
h pro�t 
an be gained from pur
hasing any parti
ular �le. Thee
onomi
 model o�ers many advantages over traditional 
a
he management systems,giving more reliability and s
alability and providing the basis for any a

ounting orpayment me
hanisms that may be used by Grids in the future. The implementationof this model into a Grid simulator to evaluate its properties is the subje
t of thenext 
hapter.
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Chapter 6
OptorSim
At the present time (the se
ond half of 2004) there are no Grids in existen
e thatare at the stage of being used to their full extent or potential as part of s
ientists'day-to-day work. Over the summer of 2004 the LHC Computing Grid for parti
lephysi
s experiments at CERN (see Se
tion 1.3.3) expanded to 65 sites (Figure 1.6)and was shown to be suÆ
iently stable and large enough to be used in a produ
tionenvironment. However it is still not at the stage where it is in 
ommon use by theaverage physi
ist. It is not possible to test di�erent optimisation strategies usingdi�erent Grid s
enarios, topologies and user patterns in a 
ontrolled and repeatableway with the resour
es available today. Without the means to fully test our strategieson live Grids, and in order to evaluate their e�e
tiveness on future Grids, we use
omputer simulation of the 
onditions of the Grid environment.As part of the European DataGrid proje
t (see Chapter 3) the Grid simulationpa
kage OptorSim was developed to allow investigations into possible optimisationstrategies that 
ould be used in the Repli
a Optimization Servi
e. The s
ope ofOptorSim has sin
e been expanded to simulate a variety of generi
 Grid s
enariosand optimisation strategies. Results from OptorSim simulations have been presentedin [13, 14, 27℄ and further results will be shown in Chapter 7. This 
hapter des
ribesthe design of the simulation and the implementation of the ideas des
ribed in theprevious 
hapter. The Uni�ed Modelling Language (UML) is again used here toillustrate the implementation of 
on
epts des
ribed in the last 
hapter and other



6.1 Motivations for Creating OptorSim 115features in OptorSim.6.1 Motivations for Creating OptorSimOur primary aims in developing a simulation were to emulate a Grid environment asrealisti
ally as possible and to provide some method of evaluating various strategiesthat might be used to optimise a Grid. Before work started to build a new simulation,other simulations that had already been developed to model distributed 
omputingenvironments were evaluated to �nd out if any 
ould be used as a basis for this work.The most likely 
andidate was the simulation used for the MONARC proje
t(see Se
tion 1.3.2, [94℄) to test potential 
omputing models for LHC experiments.The simulation modelled to a high degree of detail the estimated output data andsubsequent re
onstru
ted data produ
ts produ
ed at CERN and the physi
s analysispro
esses performed by physi
ists at other distributed sites. The main point of thesimulation was to show that a multi-tier system su
h as the one shown in Figure 1.4was feasible and to 
al
ulate the size of the resour
es required at ea
h site. Wede
ided not to use this simulation mainly due to the threading model used, whi
hmodelled ea
h job as a separate Java thread. It was found that the amount of memoryrequired made it impossible to simulate more than around 1000 physi
s analysis jobs,whereas we were interested in simulating upward of 100,000 jobs. We also wantedthe fo
us of the simulation to be the e�e
ts of optimisation strategies, but with theMONARC simulation, there were too many other parameters that would a�e
t anygiven simulation run and swamp any 
hanges to the Grid performan
e 
aused by theoptimisation strategy. It was also very spe
i�
 to LHC high energy physi
s and themulti-tier model whereas we required more 
exibility in the ar
hite
ture of the Gridand the types of Grid jobs we 
ould simulate.GridSim [26℄ is another large-s
ale simulation, designed to study e
onomi
 re-sour
e brokering in a distributed environment. However, at the time of the evalua-tion, GridSim 
on
entrated heavily on 
omplex s
heduling de
isions and did not dealwith data movement around the simulated Grid. Other simulations we 
onsideredin
luded the Bri
ks Grid simulator [123℄, whi
h also fo
used on s
heduling poli
ies
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roGrid [118℄, whi
h modelled in detail the GlobusToolkit and appli
ations that use it. The Ptolemy proje
t [84℄ provided a frameworkfor simulation of 
on
urrent systems, however, at the time, we 
ould not have easilyadapted any of these tools to our requirements. Therefore we de
ided to 
reate ourown simulation, OptorSim.6.2 Simulation RequirementsThe main idea of OptorSim was, given a Grid topology and resour
es, a set of jobsand an optimisation strategy, simulate data movement around the Grid as these jobsrun and supply information on various fa
tors that 
ould be used to evaluate theperforman
e of the optimisation strategy. It had to allow a variety of di�erent Gridsand user jobs to be simulated and enable any results to be repeatable, while alsotaking into a

ount the many random fa
tors in a Grid environment.6.2.1 Simulated Grid Ar
hite
tureOne of the aims of OptorSim was to evaluate optimisation strategies that wouldeventually be used in the Repli
a Optimization Servi
e, so the ar
hite
ture of thesimulated Grid had to mimi
 as 
losely as possible the stru
ture of the EuropeanDataGrid. However, not all 
omponents are important or a�e
ted by the optimisationstrategies we are testing, so we model in detail only the relevant ones, su
h as thoseasso
iated with data management.Figure 6.1 shows the main 
omponents of the ar
hite
ture. The Grid has severalGrid sites, ea
h of whi
h have a Computing Element (CE), a Repli
a Manager (RM)and a Storage Element (SE). The CEs run Grid jobs whi
h are submitted to them byUsers via a Resour
e Broker (RB) a

ording to a spe
i�
 s
heduling poli
y. The CEintera
ts with a RM to obtain the data required for ea
h job. Instead of a 
entralisedRepli
a Optimization Servi
e, ea
h RM 
ontains an individual Optimiser whi
h usesa repli
a optimisation strategy to make repli
ation de
isions about data �les. These�les are stored in SEs and may be repli
ated between SEs on di�erent sites. The RMis used to move the data �les between sites and the Repli
a Lo
ation Servi
e 
onsists
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Figure 6.1: Generalised simulation Grid ar
hite
ture, showing the 
omponents of theEDG ar
hite
ture important to repli
a optimisation.of a single Lo
al Repli
a Catalog holding logi
al to physi
al �le name mappings forthe whole Grid.6.2.2 Inputs to the SimulationThere are many parameters that 
an be varied to simulate di�erent Grid s
enariosand whi
h might a�e
t any results from the simulation. The Grid network topologyhas a large e�e
t on the stru
ture of the overall Grid and in OptorSim, any Gridlayout, from the MONARC-style hierar
hi
al model to a 
at peer-to-peer stru
ture
an be used. The jobs whi
h run on the simulated CEs are de�ned by a set of �lesthey must a

ess and ea
h job has a 
ertain probability of being sele
ted to run on
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y of ea
h CE 
an also be de�ned, i.e. the set of jobs it is willingto run. A spe
i�
 s
heduling poli
y and repli
a optimisation strategy is fed into thesimulation along with some initial 
onditions su
h as the lo
ation of master �les andthe rate that users submit jobs. A summary of the main parameters that 
an bespe
i�ed before running OptorSim are shown in Table 6.1.Parameter Des
riptionGrid 
on�guration A text �le des
ribing the Grid topology and resour
esJob 
on�guration A text �le des
ribing the jobs to run on the simulated GridNumber of jobs The number of jobs to simulateUsers Determines the rate at whi
h jobs are submitted to the GridS
heduler The s
heduling poli
yOptimiser The repli
a optimisation strategydt The past period of time over whi
h to keep �le a

ess historyA

ess Pattern The pattern of �le a

ess within ea
h jobFile Distribution The distribution of �les at the start of the simulationPro
ess Time The time taken by the CE to pro
ess ea
h �leTable 6.1: Adjustable parameters in OptorSim.
6.2.3 Running of the SimulationThe intera
tions between ea
h 
omponent in the lifetime of a Grid job is shown inthe UML sequen
e diagram in Figure 6.2. When the simulation starts running, userssubmit jobs at a spe
i�ed rate to the RB, whi
h s
hedules them to CEs a

ording tothe s
heduling poli
y de�ned. The �le a

ess pattern determines the order in whi
h�les are requested and the CE 
onta
ts the Optimiser to �nd the best repli
a to a

essfor ea
h �le required. Triggered by these requests, the Optimiser makes de
isions onrepli
ation of data depending on the optimisation strategy. On
e the Optimiser hassupplied the lo
ation of the repli
a the CE is to a

ess the CE either reads it dire
tly(if the �le is on a SE on the same site) or reads it remotely, 
opying to a lo
al 
a
he (ifthe �le is on another site). For simpli
ity, bandwidth is assumed to be in�nite withina Grid site; inter-site network 
onne
tions are supplied in the Grid 
on�guration �le(see Se
tion 6.4.2 for more information on how we model the network). The dataanalysis pro
ess is not modelled in detail, so when the CE has read the �le, it waits
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Figure 6.2: UML sequen
e diagram of a typi
al Grid job.for a 
ertain length of time to simulate the delay 
aused by pro
essing the �le. TheCE then requests the next �le it needs for the job and 
ontinues until it has pro
essedall the �les in the job. The simulation runs until the users stop submitting jobs andthe CEs have �nished pro
essing all the jobs.6.2.4 Outputs from the SimulationIn order to evaluate how the optimisation strategy a�e
ts the performan
e of theGrid, there are several ways in whi
h information is output to the simulation user.At the end of ea
h simulation run, detailed statisti
s are provided for ea
h 
omponenton ea
h site, ea
h site as a whole, and the entire Grid itself. This in
ludes informationsu
h as the �les a

essed for ea
h job by ea
h CE, the time taken to run ea
h job,and the number of �les repli
ated to ea
h SE. The use of these metri
s in evaluatingthe optimisation strategies is dis
ussed in Se
tion 7.1.2. If OptorSim is run from a
ommand line, this information is output to the terminal window. Besides textual
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al User Interfa
e (GUI) to monitor the state ofthe Grid as the simulation runs and examine it at the end of a run. A s
reen shot ofthe GUI midway through a simulation is shown in Figure 6.3.

Figure 6.3: S
reen shot of the OptorSim GUI.The top left pane of the window (the resour
e view) shows the Grid sites, whi
h
an ea
h be expanded to show the CEs and SEs it 
ontains. The bottom left pane(the information view) shows a logi
al view of the network, with the lines betweenea
h numbered Grid site representing a �le transfer between those sites. Other tabson this pane 
an be sele
ted to show the parameters used in this simulation run andthe terminal output. There are several graphs whi
h 
an be displayed on the right-hand pane (the graph view), whi
h show information on the element sele
ted in theresour
e view, in this 
ase graphs showing the status of the entire Grid. The graphsele
ted is the variation over time of the time taken to run ea
h job on the Grid. Aset of drop-down menus at the top of the main window provide various features su
h
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hoosing whi
h views to display. A full des
ription of theGUI 
an be found in [53℄.6.3 ImplementationOptorSim is implemented in JavaTM, and there were several reasons for 
hoosing thislanguage. The OGSA/WS-RF Grid ar
hite
tures dis
ussed in Chapter 2 des
ribedistin
t servi
es whi
h intera
t via standard interfa
es with the implementation en-
apsulated within the servi
e, mu
h like an obje
t-oriented system. Hen
e, simula-tion of this environment lends itself well to an obje
t-oriented implementation, asthe fun
tionality of ea
h 
omponent shown in Figure 6.1 
an easily be en
apsulatedwithin that 
omponent. This kind of system also makes inter
hanging di�erent im-plementations of various 
omponents, su
h as the repli
a optimisation strategy, verysimple. We want to simulate independent optimisation agents, and Java's 
on
urrentthreading fa
ilities make this easy, so that many pro
esses 
an run simultaneously.Many of the other Grid simulators mentioned in Se
tion 6.1 are written in Java,showing that it 
an be used su

essfully for modelling distributed systems. AlthoughJava performan
e 
an be relatively slow 
ompared to C++ in numeri
ally intensiveappli
ations [18, 21℄, the initial design of our simulation meant it was not numeri-
ally intensive and the advantages of Java (threading, ease of use, portability et
.)outweighed any performan
e de�
its it might have.In OptorSim ea
h CE runs as a thread, as does the RB and the Users (onethread represents all users). This means that none of these 
omponents are dire
tlydependent on any other to perform their tasks, for example the RB 
an submit a jobto a CE's queue at the same time as the CE is exe
uting a job. Threads are alsoused to model the P2P Mediator and Storage Broker 
omponents of the e
onomi
model (Figure 5.3) to handle message passing, and in au
tions to allow asyn
hronousrepli
ation.



6.3 Implementation 1226.3.1 Development HistoryThe development of OptorSim started early in 2002 and very soon a prototype ver-sion was released with all the basi
 features of the Grid ar
hite
ture, but only verysimple repli
a optimisation implemented. There followed a series of releases in qui
ksu

ession with in
reasing fun
tionality. Version 0.4 was the �rst major release tohave a reasonably stable 
ode base and to in
orporate the e
onomi
 model predi
tionfun
tions (without the au
tion proto
ol). The au
tion proto
ol was added in version0.5 to give a 
omplete implementation of the e
onomi
 model along with a prototypeGUI. Version 0.6 was an internal release only, whi
h was stable enough to provideresults on the performan
e of the optimisation algorithms but the 
ode was not ofthe required quality for an external release.Date Version FeaturesMar
h 2002 0.1 A �rst implementation demonstrating somelogi
 of the simulationApril 2002 0.2 Modularisation of a

ess pattern generators and(simple) repli
a optimisation strategies.May 2002 0.3 Internal release used for testing.June 2002 0.4 Integration of e
onomi
 model predi
tion fun
-tion (without au
tion proto
ol)Mar
h 2003 0.5 Large number of new features in
luding the au
-tion proto
ol and a GUI.June 2003 0.6 Internal release used mainly for testing and ob-taining the results in [27℄.February 2004 1.0 Large refa
toring to make 
ode more modularand expandable, and in
ludes ba
kground net-work traÆ
.November 2004 2.0 New time model, brand new GUI and many bugs�xed.Table 6.2: Development history of OptorSim.Version 1.0 was heavily re-fa
tored from version 0.6 to make the 
ode more usableby external users. Many 
lasses and interfa
es were modularised so that users 
ouldadd their own 
ode without requiring signi�
ant 
hanges to the 
ore OptorSim 
ode.It was also possible to simulate the e�e
ts of ba
kground network traÆ
 on the Grid.Two major 
hanges were introdu
ed in version 2.0, a new time model and a new



6.4 Components within OptorSim 123GUI design [53℄. The new time model moved OptorSim from a time-driven simula-tion to an event-driven simulation, the reasons and signi�
an
e of this is des
ribedlater in Se
tion 6.4.1. A summary of all the major releases of OptorSim is givenin Table 6.2. Apart from the developers, OptorSim has been used and extended byseveral resear
hers from Europe to the Far East, for example in [105℄ OptorSim isused by the authors to evaluate an optimisation strategy whi
h 
onsiders data lo
alitywithin a region of well 
onne
ted sites instead of on a single site. They found thatwhen the network bandwidth within a region of sites was higher than the inter-regionbandwidth, their strategy outperformed the traditional LRU strategy by up to 30%.6.4 Components within OptorSim
optorsim.infrastructureoptorsim.auctions

optorsim.time

optorsim.reptorsim

optorsim

optorsim.optor

Figure 6.4: UML pa
kage diagram of OptorSim, showing the dependen
ies betweenea
h of the pa
kages.OptorSim simulates many areas of a Grid and these areas 
an be divided intopa
kages, ea
h of whi
h 
ontains a 
olle
tion of related 
lasses. The pa
kage diagramshown in Figure 6.4 des
ribes those within OptorSim and their dependen
y relations.Starting at the lowest level, the optorsim.time pa
kage (7 
lasses) deals with how timeis measured within the simulation. This is 
overed in more detail in Se
tion 6.4.1.optorsim.infrastru
ture 
ontains 20 
lasses that simulate the underlying Grid infras-
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ture in
luding the network, the Grid sites and the basi
 
omponents of a site:Computing Elements and Storage Elements. The network infrastru
ture and howba
kground network traÆ
 is simulated is explained further in Se
tion 6.4.2. TheP2P network and messaging system along with the au
tioning pro
ess des
ribed inSe
tion 5.4 is 
ontained in the optorsim.au
tions pa
kage (16 
lasses). The fun
tional-ity of the repli
a management 
omponents is implemented in the optorsim.reptorsimpa
kage (4 
lasses), in
luding the Repli
a Manager and Repli
a Lo
ation Servi
e.The repli
a optimisation strategies are in the optorsim.optor pa
kage (18 
lasses),and their implementation is des
ribed in Se
tion 6.4.6. optorsim is the highest levelpa
kage, and it has 30 
lasses to simulate the Resour
e Broker, users and 
ontrol theGUI. Overall OptorSim 
onsists of 95 
lasses totalling around 15,000 lines of 
ode.The next few se
tions 
over in more detail the following 
omponents of the sim-ulation:� Timing: how time is measured in OptorSim.� Network: the model of the underlying network along with how we simulateba
kground non-Grid traÆ
.� Job Sele
tion and Submission Rate: modelling di�erent types of Grid users.� File A

ess Patterns: the order in whi
h �les are a

essed within a Grid job.� S
heduling Poli
ies: the implementation of the poli
ies to de
ide where to sub-mit jobs.� Repli
a Optimisation Strategies: the various strategies implemented in Optor-Sim.6.4.1 TimingUntil version 2.0, OptorSim used a time-driven simulation model. This meant thetime taken to simulate a job running on the Grid was the same time as it would takein real life. If it took 10 se
onds to 
opy a �le between two sites on the Grid, inthe simulation the CE would wait 10 se
onds until the transfer had �nished before
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essing the �le. The time to 
omplete a job in the simulation time was measuredsimply by measuring the real time taken using the host 
omputer's internal 
lo
k.The idea behind this model was that 
al
ulation times for the optimisation strategieswould be taken into a

ount when evaluating how e�e
tive they were. In other wordsif a strategy redu
es the time to run a simulated job by distributing �les better aroundthe Grid, but requires a signi�
ant amount of time to do its 
al
ulations, it may notbe the best 
hoi
e of strategy. This model has the large disadvantage of taking a longtime to run any simulated jobs whi
h would take a long time in real life, for examplejobs running on sites with very low bandwidth network links. However, it was possibleto s
ale down 
ertain parameters su
h as the �le sizes so that the simulation wouldrun faster.After mu
h experien
e using this timing model, it be
ame 
lear that in the simu-lation, and hen
e in a real Grid, for the sizes of �les we used (of the order of 1 GB) the
al
ulations for the optimisation strategies we had in
luded did not take a signi�
antlength of time 
ompared to �le transfer between sites and �le pro
essing time. It wasobserved that all the threads spent most of the time waiting, for example waiting fora �le transfer to 
omplete, waiting for jobs to be submitted et
. Therefore, a de
isionwas taken to move OptorSim toward a event-driven timing model. In this model,simulation time is separated 
ompletely from real time so that simulation time ismanaged by the simulation itself. The hope was that the time to run a simulationwould be greatly redu
ed if, instead of all threads waiting for something to �nish,time was simply advan
ed to that point and the threads woken up.This new timing model is implemented in OptorSim using a separate timingthread, whi
h 
ontinually looks to see if all the other threads are waiting. Onlythis thread has the power to advan
e simulation time, so if any other threads areperforming 
al
ulations, time stands still. On
e all the other threads are waiting, thetiming thread �nds out when the next event is due to happen, advan
es the simu-lation time to the time that event will o

ur, and noti�es the waiting thread. Thedi�eren
e between the two timing models is illustrated in Figure 6.5.The two parts of this �gure show how real time and simulation time progressusing (a) a time-driven and (b) an event-driven model. For the time-driven model,
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Figure 6.5: (a) Time-driven and (b) event-driven timing models. This �gure showsthe relation between simulation time and real time for the two timing models.the simulation time is the same as the real time; the optimisation 
al
ulation takes0.2 se
onds, while the �le transfer and pro
essing 
ombined take 12 se
onds. Withthe event-driven model, the optimisation 
al
ulation still takes 0.2 se
onds of realtime, but simulation time remains at zero. During the �le transfer the thread iswaiting, so the timing thread 
an advan
e simulation time 10 se
onds to the nextevent, whi
h is the end of the �le transfer. Similarly for the pro
essing time thethread is just waiting, so simulation time 
an again be advan
ed by 2 se
onds, tothe next event whi
h is another optimisation 
al
ulation following a request for thenext �le. Simulation time is thus advan
ed 12 se
onds in a negligible amount of realtime, so the real time to a

ess and pro
ess ea
h �le for the job is only 0.2 se
onds,
ompared to 12.2 se
onds using the time-driven model.The disadvantage of using the event-driven model is that the 
al
ulation timefor various pro
esses in
luding the repli
a optimisation strategy is not in
luded inthe measured simulation time. However, as was stated earlier, for the �le sizes andstrategies we have used so far in OptorSim, this time is not signi�
ant 
ompared tothe other time-
onsuming pro
esses su
h as �le repli
ation. The advantages of theevent-driven model far outweigh this small ina

ura
y - simulations now run from 10to 100 times faster than they did with the old time model and results obtained usingthe event-driven model were 
he
ked and are 
onsistent with the results obtained for



6.4 Components within OptorSim 127the time-driven model. The option of using the time-driven model is still availablein OptorSim as it is useful for demonstration purposes when using the GUI or if �lesizes are very small and hen
e 
al
ulation time is signi�
ant.6.4.2 NetworkIn OptorSim the network topology is spe
i�ed in the Grid 
on�guration �le, whi
h isread at the start of the simulation. An example of a simple Grid topology is shownin Figure 6.6. Grid sites are de�ned as sites with CEs and/or SEs present, whereasrouters have no CEs or SEs. The numbers on ea
h link give the bandwidth 
apa
ityin Mbit/s (M) or Gbit/s (G). In the situation depi
ted there are 8 Grid sites withfast 
onne
tions to a relatively slow ba
kbone.
Router
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Figure 6.6: A simple Grid topology with 8 sites 
onne
ted with high speed links to aslow ba
kbone.When a �le is 
opied between two sites, the rate at whi
h data is transferred isdetermined by the network link with the least available bandwidth, i.e. the bottlene
k.For example, if a �le is repli
ated from site 2 to site 3, the rate of data transfer is1 Gbit/s, but if it is repli
ated from site 2 to site 1 the rate is 200 Mbit/s. If thereare multiple routes between a pair of sites, the fastest one is 
hosen, so for a �lerepli
ation between site 2 and site 5, the data will be routed around the left side ofthe ba
kbone and the transfer rate will be 200 Mbit/s.We take a very high-level view of the network, so that a �le transfer is just a
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onstant stream of data using a 
ertain amount of bandwidth. We do not go as faras simulating individual pa
kets of data or any parti
ular data transfer proto
ol. Ifseveral data transfers are sharing the same link, the available bandwidth is dividedequally among ea
h one, whether ea
h transfer a
tually uses its full share or not.This provides a reasonably a

urate way of modelling real networks, but it 
an leadto data transfers being slower than they should be in 
ertain situations. For example,if a �le is being repli
ated from site 3 to site 8, the data transfer rate is 200 Mbit/s.If site 2 starts to repli
ate another �le from site 3, in theory the bandwidth availableshould be 800 Mbit/s. However, be
ause the bandwidth on the link from site 3 to theba
kbone is divided evenly between the two data transfers, a maximum of 500 Mbit/sis available for ea
h one.When a �le repli
ation a
ross the network starts in OptorSim, the time it will�nish is 
al
ulated based on the 
urrent available bandwidth, and the thread initiatingthe transfer waits until this time. If another �le transfer starts or �nishes duringthis time, all the other 
urrently exe
uting �le transfers are noti�ed so they 
anre-
al
ulate the time that they will �nish based on any 
hanges in the bandwidthavailable.Ba
kground TraÆ
On the real Grid, any �le transfers will in general use network infrastru
ture thatis shared by other non-Grid traÆ
. This ba
kground traÆ
 
ould use a signi�
antamount of the bandwidth 
apa
ity and 
ould vary throughout the day. To 
hara
terisethis traÆ
, network monitoring data was 
olle
ted from various sour
es, in
ludingtraÆ
 on links between sites on the Grid testbeds we simulate in Chapter 7. Thesizes of the data samples varied from a period of a few days to around two months,and the mean value was taken over ea
h half hour of the day.Example results from monitoring two links (Lyon to CERN and FNAL to Impe-rial) are shown in Figure 6.7. The 
apa
ity of ea
h of these links was 100 Mbit/s. Forthe �rst link the amount of bandwidth available varies by up to 20% during the day,with the heaviest traÆ
 being in the afternoon and early evening. There is also somevariation in the se
ond link, but it is less than 2% and this link is mu
h more heavily
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Figure 6.7: Variation of non-Grid network traÆ
 over the 
ourse of a day for linksLyon to CERN and FNAL to Imperial. From [99℄.used, with only 16-17% available. This di�eren
e is expe
ted as the FNAL-Imperiallink is used for transatlanti
 traÆ
, whereas Lyon and CERN are relatively 
lose toea
h other. Information gathered from these network links and others is used in Op-torSim to pla
e limits on the fra
tion of a parti
ular network link available for GridtraÆ
 at a given time of day.6.4.3 Job Sele
tion and Submission RateThe jobs sele
ted to be submitted to the Grid and the rate at whi
h they are submittedis de�ned by the type of users spe
i�ed in the parameters 
on�guration �le. InOptorSim there are three types of users 
urrently implemented, as shown in theUML 
lass diagram in Figure 6.8.A Users interfa
e de�nes two methods that all types of users must implement. Italso extends the Runnable interfa
e so that the users 
an run as a separate thread.The next job sele
ted to be submitted to the Grid and the time for whi
h the userswait between submitting jobs are de�ned by the methods getNextJob() and wait-ForNextJob() respe
tively. Currently all types of users use getNextJob() de�ned inSimpleUsers, whi
h 
hooses jobs a

ording to the probabilities given in the job 
on-
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Figure 6.8: UML 
lass diagram showing the di�erent types of users implemented inOptorSim.�guration �le. In this 
lass' implementation of waitForNextJob() it simply waits fora 
onstant set time (spe
i�ed in the parameters 
on�guration �le) between jobs. Thedelay between jobs de�ned in RandomWaitUsers is uniformly randomly distributedbetween zero and twi
e the time given in the parameters 
on�guration �le, so thaton average the same number of jobs are submitted as the simple users.The �nal 
lass of users, CMSDC04Users represents a more realisti
 job submissionrate. Between Mar
h and May 2004 the CMS experiment [40℄ held a \data 
hallenge"using simulated data to examine how their 
omputing framework performed. Part ofthis involved physi
ists analysing simulated data using the LHC Computing Grid andthe CMSDC04Users 
lass models their pattern of job submission using informationfrom [76℄. It was found that the rate of job submission varied for ea
h hour of the daya

ording roughly to a normal distribution, whi
h peaked at 3pm and had a width(FWHM) of around 6 hours. The simulated submission rate follows this pattern and
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al day of users in Europe submitting physi
s analysis jobs.
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Figure 6.9: Number of jobs submitted per hour for simple, random and CMS DC04users.The number of jobs submitted every hour over the 
ourse of a day for ea
h of theuser types is shown in Figure 6.9. The simple users submit 100 jobs per hour andthe random users between 90 and 110. The CMS DC04 users do not start submittingjobs until around 7am, peak at 3pm when 350 are submitted in an hour then the ratede
reases into the evening. The number of jobs submitted over the whole day is 2400for all types of users.6.4.4 File A

ess PatternsThe �le a

ess pattern determines the order in whi
h �les are requested during the
ourse of a job. A list of �les is de�ned for ea
h job and depending on the a

esspattern, some of these �les will be a

essed during a job on
e, multiple times, or never.There are �ve di�erent 
hoi
es of a

ess patterns that 
an be used in OptorSim:� Sequential: Files are a

essed in the order that they are supplied in the des
rip-tion of the job.
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ted randomly from the list with a 
at probability dis-tribution.� Unitary Random Walk: Ea
h su

essive �le is either the previous or next �lein the list from the 
urrent �le, with both having an equal probability.� Gaussian Random Walk: Similar to unitary random walk, but the step size ofthe walk has a Gaussian distribution.� Zipf: The probability P of a

essing ea
h �le i in the list follows a Zipf-likedistribution: Pi � i�� where � is around 1 (see Figure 5.6 in Se
tion 5.4.4)These �le a

ess patterns are illustrated in Figure 6.10 (Gaussian random walkis similar to unitary random walk but with a variable step size). In these illustrativemodels a job was de�ned as requiring 100 �les (Files 1 - 100). With sequential a

esspatterns (Figure 6.10(a)) the request order is the order of the �le list in the jobde�nition i.e. File 1, File 2, . . . , File 100. Random a

ess patterns (Figure 6.10(b))mean that every �le has the same probability of being the next �le to be requestedand the unitary random walk (Figure 6.10(
)) steps randomly up or down the list of�les. Using a Zipf distribution (Figure 6.10(d)), here with � = 0:5, a few �les arerequested many times and the majority of �les have a very small number of requests.The most 
ommon a

ess patterns for high energy physi
s jobs are expe
ted to besequential in the re
onstru
tion phase and Zipf in the analysis phase. In re
onstru
-tion, a long list of raw data �les are pro
essed in order to re
onstru
t what happenedin ea
h event and produ
e data produ
ts des
ribing the physi
s properties of theseevents. Some of these data �les will be more interesting to physi
ists than othersand so when the data is analysed it is very likely that the user a

ess pattern willfollow a Zipf distribution, i.e. rare events will be analysed more often than 
ommonevents. It was also mentioned previously in Se
tion 5.4.4 that Zipf distributions havebeen used to model web traÆ
, so it is not unreasonable to think that Grid traÆ
may some day follow the same pattern. Other Grid appli
ations however may usedi�erent a

ess patterns if for example the next �le to be requested depends on theout
ome of pro
essing the 
urrent �le.
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Figure 6.10: File a

ess patterns: (a) Sequential, (b) Random, (
) Unitary RandomWalk and (d) Zipf.6.4.5 S
heduling Poli
iesThe s
heduling poli
y uses 
ertain metri
s to determine the CE that will pro
ess aGrid job. Using the a

ess 
ost of the required data for the job as a metri
 wasdis
ussed previously in Se
tion 5.1.3. In OptorSim we have implemented a

ess 
osts
heduling as well as other more simple poli
ies. There is a 
hoi
e of four s
hedulers:
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heduled to a random CE sele
ted from the set of CEs thatare willing to run the job.� Queue Length: The site with the shortest queue of jobs waiting to run is 
hosento run the job.� Job A

ess Cost: A

ess 
ost is de�ned as the estimated time, based on 
urrentnetwork bandwidth observations, for the given CE to obtain all the �les requiredby the job. The job is submitted to the site with the minimum value of a

ess
ost.� Queue A

ess Cost: Queue a

ess 
ost (or Combined Cost) is the sum of thea

ess 
osts for all the jobs in the queue at the given CE and the job is s
heduledto the CE with the minimum value of queue a

ess 
ost.

Figure 6.11: UML 
lass diagram showing the di�erent types of Resour
e Broker inOptorSim.These s
heduling poli
ies are embedded in various implementations of the Re-sour
eBroker interfa
e, whi
h are shown in the UML 
lass diagram in Figure 6.11.Resour
eBroker extends the Runnable interfa
e so it runs as a thread and de�nes asubmitJob() method to be 
alled by the Users. An abstra
t skeleton implementationof this interfa
e is provided by SkelResour
eBroker whi
h provides all the fun
tion-
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e Broker su
h as the main run() method and submitJob(). It alsode�nes an abstra
t method, �ndCE(), whi
h is used to �nd the best CE to whi
h tosubmit ea
h job. Ea
h 
lass that extends this 
lass supplies its own implementationof this method a

ording to the metri
 it uses to rank the CEs.6.4.6 Repli
a Optimisation StrategiesThe most important fun
tionality that a repli
a optimisation strategy provides is
ontained in the two methods getA

essCost() and getBestFile(). The former is usedby some Resour
e Brokers to 
al
ulate the a

ess 
ost of a job for a parti
ular CEand the latter is used by CEs to obtain the lo
ation of the best repli
a to a

ess.An interfa
e, Optimisable, is de�ned whi
h 
ontains these two methods and all thedi�erent 
lasses for ea
h optimisation strategy must implement their own version ofthem. The implementing 
lasses and sub
lasses are shown in the UML 
lass diagramin Figure 6.12.SkelOptor is an abstra
t simple implementation of Optimisable and de�nes thegetA

essCost() whi
h is used by all the Optimisable 
lasses. It uses the Repli
aLo
ation Servi
e to look up all the repli
as of ea
h �le required by the job, thenusing network bandwidth measurements �nds the repli
a that 
an be a

essed in theminimum time. This is done for ea
h �le passed to getA

essCost() and the methodreturns the sum of the a

ess 
osts for all the �les in the List. The getBestFile() im-plemented by this 
lass does not perform any repli
ation but simply uses the Repli
aLo
ation Servi
e and network information to lo
ate the 
opy of the given �le that
an be a

essed fastest. SimpleOptimiser provides a 
on
rete version of SkelOptorwith no extra fun
tionality.Repli
atingOptimiser uses getBestFile() from SkelOptor but then will always tryto repli
ate the �le to a SE on the same site as the CE 
alling the method if a repli
adoes not already exist there. If repli
ation fails be
ause there is not suÆ
ient spa
ein the SE, 
hooseFilesToDelete() is 
alled, whi
h returns a List of �les that should bedeleted to 
reate spa
e for the new repli
a. This method is not de�ned in Repli
atingOptimiser but is provided by sub
lasses whi
h use di�erent strategies to 
al
ulatewhi
h �les to delete. LruOptimiser and LfuOptimiser use Least Re
ently Used and
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Figure 6.12: UML 
lass diagram showing the Repli
a Optimiser 
lasses in OptorSim.
Least Frequently Used algorithms respe
tively (see Se
tion 5.3).The E
onomi
Optimiser implementation of getBestFile() 
alls the CE's A

essMediator to tell it start an au
tion for the �le. The Storage Brokers make the de-
ision of whether to repli
ate the �le or not, based on the estimated value of the�les 
urrently in their SEs and the value of the potential new repli
a. If the de
isionis made to pur
hase a repli
a, 
hooseFilesToDelete() returns the least valuable �lesbased on the binomial or Zipf-based analysis of the �le a

ess history, dependingon whether the parti
ular 
lass used is E
oBinModelOptimiser or E
oZipfModelOp-timiser.The aim of this 
lass stru
ture is so that any 
alls made to getA

essCost() orgetBestFile() simply use the Optimisable interfa
e, and the parti
ular strategy to
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ation De
ision Repli
a Sele
tion File Repla
ementSimpleOptimiser Never Repli
ate RLS + Net Mon NoneLruOptimiser Always Repli
ate RLS + Net Mon Least Re
ently UsedLfuOptimiser Always Repli
ate RLS + Net Mon Least Frequently UsedE
oBinModelOptimiser Binomial Pred. Fun
. Au
tion Proto
ol Binomial Pred. Fun
.E
oZipfModelOptimiser Zipf Pred. Fun
. Au
tion Proto
ol Zipf Pred. Fun
.Table 6.3: Optimisation strategies used in implementations of the Optimisable inter-fa
e.be used is sele
ted automati
ally at run-time based on the input parameters. Thefun
tionality of the �ve 
on
rete implementations of Optimisable are summarised inTable 6.3, in terms of the three areas of repli
a optimisation dis
ussed in Se
tions 5.2.1- 5.2.3. This table shows how the 
lasses in OptorSim 
orrespond to the strategiesshown in Table 5.1. The stru
ture of these 
lasses also make it easy to add 
lasseswith new strategies into the 
ode.6.5 SummaryThis 
hapter has des
ribed the Grid simulator OptorSim and how it 
an be used toevaluate Grid optimisation strategies under realisti
 
onditions. The simulation al-lows not only investigation of how to optimise the performan
e of 
urrent operationalGrids, but also 
an be used to help design and build future Grids. OptorSim modelsGrid 
omponents related to data management and has a large parameter set that
an be varied to simulate an array of 
onditions, so that any type of Grid, jobs andusers 
an be examined. Days worth of Grid a
tivity 
an be easily simulated in afew minutes and the simulation provides through text output and a GUI a range ofinformation, graphs and statisti
s to show what is happening in the Grid.The way the simulation is implemented in Java provides a portable, easy to use,extensible 
ode base for future development. It is straightforward for any proje
tlooking into repli
a optimisation to add their own strategies without 
hanging the 
oreOptorSim 
ode, and the li
ense under whi
h OptorSim is released allows unlimitedmodi�
ation and re-distribution. In the next 
hapter OptorSim is used to simulatedi�erent Grid situations and examine the e�e
t of optimisation strategies on the
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e.
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Chapter 7
Evaluation of Grid OptimisationStrategies
In this 
hapter OptorSim will be used to 
ompare and evaluate the performan
e ofoptimisation strategies in a variety of simulated Grid s
enarios. Metri
s provided byOptorSim that are used to measure performan
e are �rst explained, then the repli
aoptimisation strategies and s
heduling poli
ies dis
ussed in the last two 
hapters aretested using very simple Grid topologies. This validates whether they perform as weexpe
t they should, and that they have been implemented 
orre
tly in the simulationbefore they are used to test any 
omplex situations. Then, using real examples ofGrid testbeds and typi
al jobs from high energy physi
s users, the performan
e andsensitivity to 
ertain parameters of the optimisation strategies is examined. Finally,for ea
h 
on�guration, the e
onomi
 model is analysed in terms of the pro�ts andlosses made by the agents.7.1 Simulation Set-upIn this se
tion we des
ribe brie
y the input parameters that are varied to simulatedi�erent Grid situations and the outputs used to evaluate the optimisation strategies.We also explain how the results will be presented and the treatment of errors.



7.1 Simulation Set-up 1407.1.1 Input ParametersThe main input parameters into OptorSim were des
ribed in Se
tion 6.2.2 and sum-marised in Table 6.1. Two important inputs are the Grid 
on�guration and the setof jobs submitted to the Grid, and the 
ombination of these two 
an be 
ategorisedusing the following 
hara
teristi
s:� D: The ratio of the average SE size to the total dataset size for all jobs, i.e.D = Average SE sizeTotal dataset sizeA value of D > 1 indi
ates that ea
h SE has more than enough spa
e to holda 
omplete set of repli
as, so little �le deletion will take pla
e and the 
hoi
eof repli
a optimisation strategy should not greatly a�e
t the performan
e ofthe Grid. A value of D < 1 means the SE sizes are relatively small and so
hoi
es have to be made of whi
h repli
as to keep. In this 
ase the optimisationstrategy will be more important.� C: The average network 
onne
tivity of a site, i.e.C = Psites Site 
onne
tion bandwidthNumber of sitesThis des
ribes how well 
onne
ted the sites are to the Grid, and hen
e howqui
kly data �les 
an be 
opied around. If data is being heavily repli
ated, thevalue of C 
an have a large e�e
t on the performan
e of the Grid. When siteshave low bandwidth 
onne
tions, the slow rate of data transfer 
ould lead tolarge queues of jobs a

umulating at the site, whereas a Grid with a high valueof C 
an pro
ess jobs qui
kly and thus have little or no queues at its sites.The 
hara
teristi
s of the Grid topology and jobs are summarised at the startof ea
h se
tion that uses a new 
on�guration. Other important parameters that arevaried to obtain the results presented here are:� The number of jobs submitted to the Grid.� The rate at whi
h jobs are submitted to the Grid.
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ess history used in optimisation 
al
ulations.� The pattern with whi
h �les are a

essed during a job.7.1.2 Evaluation Metri
sIn order to evaluate and 
ompare the e�e
tiveness of the various optimisation strate-gies implemented in OptorSim, we use the following metri
s:Mean Job TimeThe time to exe
ute a job is measured from the time it is submitted to the Resour
eBroker to the time a CE �nishes pro
essing all the job's required �les. The meanjob time is de�ned as the sum of the times to exe
ute every job, divided by thenumber of jobs 
ompleted. A typi
al Grid user would probably 
onsider this to bethe most important measure of how the optimisation strategy performs and it wasused in [13, 14, 27℄ to evaluate various strategies.Hit RateThe aim of the repli
a optimisation strategies is to ensure that as many �le requests aspossible 
an be met with a �le stored lo
ally. The su

ess of the strategy 
an then bemeasured by the hit rate, whi
h is de�ned as the per
entage of �le requests satis�edwith a lo
al �le, without any repli
ation taking pla
e. The term 
omes from memory
a
hing algorithms (see Se
tion 5.3) where the optimum algorithm maximises thenumber of hits (data requests satis�ed by data in memory rather than on disk).Network UsageFile repli
ation is essential to a distributed Grid system but it takes time and usesnetwork bandwidth. Thus, a good balan
e must be found where any repli
ation is inthe interest of redu
ing future network traÆ
. We de�ne e�e
tive network usage asa measure of how well the optimisation strategy uses the network resour
es:e�e
tive network usage = Nremote �le a

esses +N�le repli
ationsNtotal �le requests
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esses is the number of times a CE reads a �le from a SE on a dif-ferent site, N�le repli
ations is the total number of �le repli
ations, and Ntotal �le requestsis the total number of �le requests from all CEs. This gives the ratio of �les transferreda
ross the network to total �les requested. For a given network topology, a lower ef-fe
tive network usage indi
ates the optimisation strategy is better at repli
ating �lesto the \
orre
t" lo
ation.CE UsageAnother resour
e whi
h is of interest is the 
omputational power usage, whi
h wede�ne as the per
entage of time that a CE is transferring or pro
essing data. A goodjob s
heduling poli
y should be able to maximise the CE usage for the whole Grid byspreading the workload, avoiding the situation where some sites lie idle while othershave long queues of jobs.7.1.3 Presentation of ResultsIn the �gures in this 
hapter, values of these evaluation metri
s are used to show howthe performan
e of di�erent optimisation strategies varies when 
ertain parametersare 
hanged. The four strategies 
ompared are Least Re
ently Used (LRU), LeastFrequently Used (LFU), the binomial-based e
onomi
 model (e
o-bin) and the Zipf-based e
onomi
 model (e
o-zipf). As there are random fa
tors in ea
h simulation run,ea
h result shown is the average taken from 10 or more simulation runs. The spreadof values for mean job time running the simulation 1000 times with a �xed set ofparameters with the Grid 
on�guration used in Se
tion 7.3 is shown in Figure 7.1. Asea
h simulation run is independent of any other, we would expe
t that the distributionof mean job times approximates a normal distribution for a large number of simulationruns. This 
an be seen from the �tted normal distribution 
urve in Figure 7.1. Thusthe mean �x, the standard deviation �, and the standard error on the mean �x of anyN measurements made using repeated simulation runs have the standard forms:�x = NXi=1 xi=N � = sPNi=1 (xi � �x)2N � 1 �x = �pN
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Mean job time (s)Figure 7.1: Values of mean job time for 1000 repeated simulation runs and �ttednormal distribution 
urve.Comparison of the standard deviations of results using the same parameters anddi�erent optimisation strategies gives a good indi
ation of the relative stability ofthe strategies and the standard error in the mean allows a good estimation of thedi�eren
e in performan
e of any two strategies. Therefore all results in this 
haptershow the mean as a point, the standard error in the mean as an error bar with ti
ksand standard deviation as an error bar with no ti
ks, 
al
ulated a

ording to theabove formulae.7.1.4 Analysis of the E
onomi
 ModelAt the end of Se
tions 7.3, 7.4 and 7.5, we analyse what happens inside the e
onomi
model for ea
h testbed used in these se
tions by looking at the pro�ts and lossesmade by the optimisation agents during the 
ourse of OptorSim simulations. The
urren
y unit we use is Grid Credits (GC) and all agents start with zero GC. Thear
hite
ture and fun
tion of the A

ess Mediator (AM) and Storage Broker (SB)agents was des
ribed in Se
tion 5.4.2. AMs, whi
h only buy �les, 
an never make apro�t, and their aim is to minimise the money they spend. SBs 
an make a pro�t ora loss as they buy and sell �les from other SBs and sell to AMs.



7.1 Simulation Set-up 144The relative values of parti
ular �les are 
al
ulated by SBs from the predi
tionfun
tions implemented in the binomial-based or Zipf-based e
onomi
 model, whi
hwere des
ribed in Se
tion 5.4.4. The predi
tion fun
tion uses a past a

ess history of�le requests to predi
t the number of times a �le will be a

essed in the future, whi
his then used to assign a value to the �le. The binomial-based model (e
o-bin) �ndsthe mean value and spread of �le identi�ers from the a

ess history and 
onstru
ts abinomial distribution 
entred around the mean value from whi
h the value of any �leidenti�er 
an be taken. Similarly, the Zipf-based model (e
o-zipf) builds a Zipf-likedistribution of the �le identi�ers in the a

ess history, and the value of any �le witha given identi�er 
an be taken from this distribution.In the 
urrent version of the e
onomi
 model implemented in OptorSim, the valuesof �les 
al
ulated by the SBs are separated from the pri
ing me
hanism used in theau
tion pro
ess. If a SB is replying to an au
tion's request for bids, it returns a bidrepresenting the estimated network 
ost of selling the �le, i.e. the estimated time totransfer a 
opy of the �le to the site 
ondu
ting the au
tion. This pri
ing me
hanismused in the au
tioning pro
ess 
an be thought of as an agent paying for the use ofthe network resour
es of a site providing a �le. When de
iding whether or not torepli
ate a �le, the �le value predi
tion fun
tion assigns values whi
h are unrelated tothese values and essentially arbitrary, being used only to 
ompare the relative worthof di�erent �les.If the SB does not hold the �le in its lo
al SE, and if the estimated value a

ordingto the predi
tion fun
tion is more than that of the least valuable �le it has, the SBstarts a nested au
tion to obtain a repli
a of the more valuable �le. The 
ost ofbuying a �le is not taken into a

ount when 
al
ulating whether it will be pro�tableto do so, i.e. the nested au
tion is performed after the de
ision has been made torepli
ate. In addition to the fa
t that the �le values and au
tion pri
es are unrelated(and hen
e to avoid the problem of trying to relate them), this was done in orderto simplify OptorSim and de
rease the time taken to run the simulation. It avoidsthe situation where every SB starts a nested au
tion for every �le request in order toevaluate whether or not to repli
ate, whi
h would result in a huge amount of au
tionmessaging traÆ
. In this 
ase however more repli
ation than is optimal 
ould take
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e. Analysis and 
omparison of the model for ea
h testbed should show whetherthe model is stable and s
alable and as
ertain whi
h fa
tors a�e
t the pro�ts andlosses made by the agents.7.2 Validation of Repli
a Optimisation StrategiesFor the �rst results, we examine the behaviour of repli
a optimisation strategies inthe simplest situation possible, depi
ted in Figure 7.2.
100M SE only

CE and SE
0 1No. of sites Total dataset size D C2 1000 GB 0.55 - 1 100 Mbit/sFigure 7.2: A simple Grid set up with two sites, of whi
h one 
ontains a CE and SEand the other only a SE.This Grid 
onsists of two sites 
onne
ted by a 100 Mbit/s network link. One site
ontains a SE that stores the master repli
as of all the data, and the other 
ontains aCE and an empty SE. This situation is analogous to the disk/memory 
a
he situationdis
ussed earlier. One Grid job is de�ned whi
h requires 1000 �les, ea
h 1 GB in sizeand 10 of these jobs are submitted to the Grid. The size of the SE on site 1 is variedfrom 100 GB to 1000 GB so that in all simulations (ex
ept where the size is 1000 GB),the repli
a optimisers must make de
isions on repli
ating and deleting �les be
ausethis SE 
annot hold all the �les required by the job. These SE sizes 
orrespond tovalues of D between 0.55 and 1. Due to the simpli
ity of this set up, the randomerrors in the results are very small, and so the error bars are in most 
ases obs
uredby the point marking the mean value.7.2.1 Storage Element SizeThe mean job time and hit rate for several optimisation strategies and varying SEsizes simulating sequential �le a

ess patterns are shown in Figure 7.3. In these tests
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a Optimisation Strategies 146the delay between submitting jobs was large enough (100,000 se
onds) that ea
h job
ould run immediately without waiting for previous jobs to 
omplete. This meansthe mean job time does not depend on any time spent in a queue, only on the numberof repli
ations, and this is why the mean job time and the hit rate appear to be theinverse of ea
h other.

0

2000

4000

6000

8000

10000

x 10

0 200 400 600 800 1000

LRU

LFU

eco-bin

eco-zipf

No Replication

SE size (GB)

M
ea

n 
jo

b 
tim

e 
(s

)

0

10

20

30

40

50

60

70

80

90

100

0 200 400 600 800 1000

LRU

LFU

eco-bin

eco-zipf

No Replication

SE size (GB)

H
it 

ra
te

 (
%

)

Figure 7.3: Mean job time and hit rate variation with site 0 SE size for a simple Gridusing sequential a

ess patterns.The performan
e of LRU is the worst of the optimisation strategies and is as badas having no repli
ation at all. This is be
ause with sequential a

ess patterns a�le is guaranteed to have been deleted before it is requested in the next job, if theSE 
annot hold all the �les required for the job. For example, if the SE 
apa
ity is200 GB, �les 1 to 200 
an be repli
ated with no deletion. When �le 201 
omes to berepli
ated, �le 1 is deleted, then for �le 202, �le 2 is deleted and so on until the endof the job when the SE has �les 801 to 1000. At the start of the next job these �lesare deleted to repli
ate �les 1 to 200 and this 
y
le 
ontinues for all the jobs, so thatthere is never any �le available lo
ally.LFU performs better, with mean job time de
reasing with in
reasing SE size.After ea
h job, every �le will have been a

essed an equal number of times, andtherefore when the next job starts �les will be deleted randomly. Therefore there
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a Optimisation Strategies 147is a 
han
e, whi
h in
reases with SE size, that when a parti
ular �le is requested,it is still in the SE from the previous job. This means that with a larger SE sizethe performan
e of LFU approa
hes that of the e
onomi
 models. Both e
o-bin ande
o-zipf give identi
al results, with an exa
t linear de
rease in mean job time andin
rease in hit rate. The e
o model strategies perform slightly better be
ause eventhough all �les are a

essed an equal number of times, they tend to keep the same�les in the SE throughout the simulation. This is be
ause there is no point in deletinga �le to repli
ate one whi
h is equal in value. LFU on the other hand is less likelyto have kept any given �le for the duration of a whole job, and so it has to repli
atethis �le again the next time it is requested.
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Figure 7.4: Mean job time and hit rate variation with site 0 SE size for a simple Gridusing random a

ess patterns.Results for the same simulation set-up but with random a

ess patterns are shownin Figure 7.4. All optimisation strategies have almost exa
tly the same performan
e,with the mean job time de
reasing linearly and the hit rate in
reasing linearly withthe size of the SE. Sin
e the a

ess pattern is entirely random, we would expe
t thehit rate to simply be the ratio of the SE size to the total size of �les required forthe job sin
e this is the probability that the �le is on the lo
al SE (given the SEis full). This is shown to be true in the results, with a slight o�set due to the SE
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a Optimisation Strategies 148�lling up during the �rst job. The mean job time for the e
o models is the same asin Figure 7.3 and here LRU and LFU mat
h their performan
e, be
ause the �les thatare deleted have no 
orrelation with the �les repla
ing them. The 
orrelation of �lerequests assumed by the e
o model (see Se
tion 5.4.4) is no longer valid and all thestrategies e�e
tively a
t like they are deleting random �les.
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Figure 7.5: Mean job time and hit rate variation with site 0 SE size for a simple Gridusing Zipf a

ess patterns.The performan
e of ea
h optimisation strategy when Zipf a

ess patterns aresimulated is shown in Figure 7.5. Here � = 0:5, so the a

ess pattern is not asskewed as that shown in Figure 5.6. The mean job time qui
kly de
reases for allstrategies as the SE size in
reases but levels out above 400 GB. Similarly the hit ratein
reases steadily and levels out around 95% above 400 GB. The reason for this isthat using the Zipf distribution, only a small fra
tion of the possible �les needed for ajob are a
tually requested (see Figure 6.10(d)). In this 
ase there were 10 simulatedjobs requiring 1000 �les ea
h, making a total of 10,000 �le requests, but only 489distin
t �les were a
tually requested. This meant that with an SE size 500 GB orhigher all the required �les 
ould be a

ommodated, hen
e no optimisation de
isionsneeded to be made.The number of requests for ea
h �le, ranked by the number of requests, is shown
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Figure 7.6: Number of requests for ea
h �le ranked by number of requests, running10 jobs on a simple Grid using Zipf a

ess patterns and the �tted line i�0:5.in Figure 7.6. It is very similar to the distribution shown in Figure 5.6, showingthe 
hara
teristi
 power law shape 
ommon to Zipf distributions. With � = 0:5,the 100 most popular �les 
omprise almost 9300 of the total 10,000 requests, whi
hexplains why the mean job times using Zipf �le a

ess patterns are around an orderof magnitude smaller than sequential or random a

ess patterns, where all �les areequally popular.An important measure of the su

ess of an optimisation strategy is how qui
klythe system tends to a stable optimum state. Figure 7.7 shows the job time for ea
h ofthe 10 simulated jobs using an SE size of 500 GB and sequential a

ess patterns. Thetime taken for the �rst job is the same for all optimisation strategies, but after thisthe job times for the e
o models half in value and remain at a 
onstant level, sin
e the
orre
t binomial and Zipf distributions 
an be 
onstru
ted from the a

ess patternsof a single job. For LFU, after the �rst job, the SE stores a random 
olle
tion of500 �les. During the subsequent jobs, there will be some probablility that ea
h �leis available on the SE, but this probability is mu
h less than it is for the e
o models,whi
h always keep the same 500 �les stored lo
ally, therefore the job time is around50% higher for LFU.
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Figure 7.7: Job time for ea
h of 10 jobs submitted to a simple Grid using sequentiala

ess patterns.7.2.2 A

ess History SizeThe history of �le a

esses is used by the optimisation strategies to predi
t future�le request patterns and the length of the history used in the 
al
ulations must be
arefully 
hosen to obtain optimum performan
e. If the history does not go ba
k intime far enough, the statisti
s of �le a

esses will not be a

urate, but if the historygoes ba
k too far, the optimisation strategies will be slow to rea
t to any 
hangesin the patterns. A large a

ess history also uses more spa
e and is 
omputationallymore intensive to pro
ess. The ideal length is short enough that it is not too time-
onsuming to pro
ess and 
hanges in �le request patterns are noti
ed qui
kly, butlong enough to have a good view of the overall a

ess patterns.The mean job time and hit rate for di�erent lengths of a

ess history and sequen-tial a

ess patterns is shown in Figure 7.8. In this 
on�guration the SE on site 1 hada 
apa
ity of 500 GB and the time between submitting ea
h job was 100,000 se
-onds. This means that any a

ess history length less than 100,000 se
onds 
ontainsinformation on only one job and a

ess history greater than 1 million se
onds is a
omplete a

ess history of the whole simulation (sin
e 10 jobs were submitted). Ingeneral, with in
reasing a

ess history, the performan
e of LRU de
reases, LFU and
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Figure 7.8: Mean job time and hit rate for varying a

ess history with a simple Gridusing sequential a

ess patterns. The thi
k dotted bla
k line 
orresponds to an a

esshistory length equal to the mean job time (i.e. the a

ess history 
ontains informationon one full job).e
o-bin in
rease and e
o-zipf remains roughly 
onstant and the best performer. Astrategy where �les were deleted randomly is shown for 
omparison as this strategydoes not depend on the a

ess history length.The poor performan
e of LRU and LFU with small a

ess histories is be
ausein these strategies, when a �le is required to be deleted, the �rst 
hoi
e is from �lesnot on the a

ess history. Files are sele
ted randomly from these non-a

ess history�les until enough spa
e is 
reated. Therefore the performan
e approa
hes that of notusing an a

ess history but simply randomly deleting �les. The performan
e of LFUand e
o-bin gets worse until the a

ess history 
ontains information on at least onefull job's worth of �les (i.e. the a

ess history ex
eeds the mean job time), when itrapidly improves. Using LFU, and an a

ess history of say 400 �les, when it 
omes todeleting a �le, it will delete one of the 100 �les not on the a

ess history (the SE 
anhold 500 �les). However if the a

ess patterns are sequential and the a

ess historyis smaller than one 
omplete job, the �les not on the a

ess history will be a

essedbefore those on the a

ess history. This means that randomly 
hoosing a �le to delete
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a Optimisation Strategies 152from all the �les on the SE gives a higher 
han
e that ea
h �le will be present whenit is requested in the next job, and so random deletion gives a higher hit rate thanLFU for parti
ular lengths of a

ess history.E
o-bin performs badly with small a

ess history be
ause the �le values 
hangeso rapidly that seemingly worthless �les will be deleted when they are likely to berequested in the immediate future. This strategy requires a large a

ess history ofat least one full job to be able to assess well whi
h �les are worth keeping. E
o-zipf,like LRU and LFU, 
hooses �les not on the a

ess history to delete �rst, but these�les 
an still be valued and are potentially worth more than the new repli
a, hen
ea reasonable e
onomi
 evaluation of all �les 
an still take pla
e with a small a

esshistory. What tends to happen is that new �les are valued equal to �les alreadyon the SE, so they are not repli
ated and the same �les remain on the SE all thetime. Similar values of a

ess history 
ause a degradation of performan
e as did forLFU and e
o-bin, but e
o-zipf overall gives ex
ellent performan
e for small and largea

ess histories.
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Figure 7.9: Mean job time and hit rate for varying a

ess history with a simple Gridusing Zipf a

ess patterns.Results for the same set up but with Zipf a

ess patterns and an SE size of 100GB are shown in Figure 7.9, showing very di�erent results from sequential a

ess
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ies 153patterns. LRU and LFU improve with larger a

ess history, while both the e
onomi
models remain 
onstant and approximately independent of the a

ess history length.Be
ause the a

ess pattern is semi-random, there are none of the problems seen forsequential a

ess patterns with LRU and LFU as the a

ess history in
reases. Instead,the �les not on the a

ess history genuinely are the �les least likely to be a

essednext and the in
reasing a

ess history merely makes the analysis of the distributioneven more a

urate.Even with a small number of �les in the a

ess history, the binomial and Zipfdistributions 
an easily be �tted to the pattern. In other words, the observed shapeof the a

ess patterns 
an be inferred from only a few data points, whi
h is not the
ase for sequential a

ess patterns. This explains why the e
onomi
 models have a
onstant performan
e for all lengths of a

ess history, with mean job times 20 - 40%faster than the other strategies.In 
on
lusion, studying the di�erent repli
a optimisation strategies under thesevery simple 
onditions has shown that they behave as they might be expe
ted to.Therefore in simulating more 
omplex situations we should be able to belive therepli
a optimisation strategies will behave as they should, and any results presentedshould be an a

urate representation of the performan
e of these strategies.7.3 Validation of S
heduling Poli
ies
200M

200M

100M

SE only

CE and SE
0

1

2No. of sites Total dataset size D C3 1000 GB 0.67 200 Mbit/sFigure 7.10: A Grid set up with three sites, two of whi
h 
ontain CEs.To examine the di�erent s
heduling poli
ies implemented in OptorSim, we use
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heduling Poli
ies 154another simple set-up, this time 
onsisting of three sites. All the sites have SEs andtwo of them have CEs. The three sites are linked to ea
h other by networks of varyingbandwidth, as shown in Figure 7.10. As there is now a 
hoi
e of lo
ations to whi
h tos
hedule jobs, the s
heduling poli
y be
omes important in the optimisation pro
ess.The four di�erent s
heduling algorithms explained in Se
tion 6.4.5 are tested here -random, queue length, a

ess 
ost and queue a

ess 
ost.In these tests there were 10 di�erent jobs de�ned whi
h 
ould be submitted tothe Grid, shown in Table 7.1. Ea
h job required 100 �les of size 1 GB whi
h ea
htook 10 se
onds to pro
ess by the CE and all the �les were unique to one job. TheSE at site 0 held all the �les initially and the SEs at sites 1 and 2 had a 
apa
ity of500 GB (the CEs at both sites 
ould run any of the 10 jobs). The probability of aparti
ular job being submitted to the Grid also varied on a linear s
ale from job tojob in order to make some jobs more popular than others. In ea
h simulation, 100jobs were submitted and sin
e there were now several random parameters involved,su
h as sele
ting a job to submit, ea
h result is the average of 10 simulation runs, andthe standard deviation and error in the mean are shown as an error bar as des
ribedearlier.Job Files Required Probability Job Files Required Probability1 File 1 - File 100 1.81% 6 File 501 - File 600 10.91%2 File 101 - File 200 3.64% 7 File 601 - File 700 12.73%3 File 201 - File 300 5.45% 8 File 701 - File 800 14.55%4 File 301 - File 400 7.27% 9 File 801 - File 900 16.35%5 File 401 - File 500 9.09% 10 File 901 - File 1000 18.18%Table 7.1: The job set for the three site Grid, with the �les required for ea
h job andthe probability ea
h will be submitted by a user.
7.3.1 S
heduling Poli
y vs. Repli
a Optimisation StrategyThe �rst set of �gures show the mean job time and CE usage for ea
h 
ombinationof repli
a optimisation strategy and s
heduling poli
y. The job submission rate 
ouldbe important in determining the performan
e of the s
heduling poli
y, sin
e this de-termines the lengths of the queues of jobs waiting to run at the site, i.e. the workload.
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heduling Poli
ies 155If the jobs are submitted faster than the CE 
an pro
ess them, queues of jobs willbuild up and s
heduling poli
ies whi
h take workload into a

ount should performbetter at balan
ing the load between the sites. On the other hand, if the CEs 
anpro
ess the jobs faster than they are submitted, the workload is not a de
iding fa
torand the main 
ause of delay when the job is running will be how qui
kly the data
an be transferred. In this 
ase, s
heduling poli
ies whi
h take into a

ount the dataa

ess 
ost should perform well.

0

500

1000

1500

2000

2500

3000

LRU

LFU

eco-bin

eco-zipf

Random Queue Length Access Cost Queue
Access Cost

Scheduling Policy

M
ea

n 
jo

b 
tim

e 
(s

)

0

10

20

30

40

50

60

70

80

90

100

LRU

LFU

eco-bin

eco-zipf

Random Queue Length Access Cost Queue
Access Cost

Scheduling Policy

C
E

 u
sa

ge
 (

%
)

Figure 7.11: Mean job time and CE usage for a three site grid with a delay betweenjob submission of 5000 se
onds.Figure 7.11 shows the mean job time and CE usage for the di�erent 
ombina-tions of s
heduling poli
ies and repli
a optimisation strategies when the jobs weresubmitted at a rate of one job every 5000 se
onds. This meant that there were neverany queues at the CEs, so all jobs 
ould start running immediately after they weresubmitted. We would thus expe
t queue length s
heduling to show the same 
hara
-teristi
s as random s
heduling and queue a

ess 
ost to perform the same as a

ess
ost. This is shown to be true, with the a

ess 
ost s
hedulers having mean jobtimes just over half that of the other s
hedulers. There is little or no di�eren
e inthe repli
a optimisation strategy used with a

ess 
ost poli
ies, be
ause the s
heduleris very e�e
tive at s
heduling jobs to the data, thus there are fewer �les repli
ated.
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heduling Poli
ies 156When there are queues of jobs at a site, it is very likely that the �les 
ontained inlo
al storage will have 
hanged by the time the job starts, so the repli
ation strategybe
omes more important, as 
an be seen in the next sets of results.
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Figure 7.12: Mean job time and CE usage for a three site grid with a delay betweenjob submission of 1000 se
onds.A job submission rate of one job every 1000 se
onds was used to obtain the resultsshown in Figure 7.12. This rate meant that roughly half of the 100 jobs had beenpro
essed by the time they had all been submitted, and so at this time the queue atea
h site was around 20 - 30 jobs. The mean job time has in
reased by more than afa
tor of 10, be
ause the time spent in the queue is 
ounted as part of the job time,and the CE usage is near 100% for all s
heduling poli
ies be
ause there is always aqueue of jobs waiting to run.A

ess 
ost s
heduling redu
es the mean job time but does not use all the CEsto their full potential. This is be
ause the job is s
heduled to the data, so if several
onse
utive jobs are submitted requiring similar data, they will all be s
heduled tothe CE that holds the greater number of the required �les. Then the other CE 
ouldlie idle for some time before a job is submitted for whi
h it 
an provide a lower a

ess
ost. There is not a large di�eren
e in how ea
h optimisation strategy performs,taking into a

ount the random fa
tors asso
iated with ea
h simulation run, however
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ies 157LRU is generally worse than the other three.
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Figure 7.13: Mean job time and CE usage for a three site grid with a delay betweenjob submission of 200 se
onds.A fast job submission rate of one job every 200 se
onds was used in Figure 7.13.At this rate, only 4 jobs had been 
ompleted by the time all 100 had been submittedto the Grid. This meant that the s
heduler had very limited information to makede
isions on and this, along with the longer queues at ea
h CE, explain the rise inmean job time. A

ess 
ost s
heduling does not give as mu
h of an improvement overrandom and queue length as before be
ause by the time many of the jobs begin torun, the �les stored lo
ally have 
hanged and so the CE does not ne
essarily havethe best a

ess 
ost for the job anymore. We 
an thus 
on
lude that the a

ess 
osts
hedulers perform best when there is fresh information on the state of the Grid. Thedi�eren
e in performan
e of the s
heduling poli
ies be
omes more pronoun
ed whenlarger Grids with sites 
ontaining widely varying resour
es are used, as will be shownlater in this 
hapter.7.3.2 Network VariationsThe next set of studies show how the relative bandwidth between di�erent sites (andhen
e the value of C) a�e
ts the performan
e of the s
heduling poli
y. The poli
y
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ies 158should be able to 
ope equally well with sets of sites 
onne
ted by similarly sizednetwork links and sets of sites 
onne
ted by links with very di�erent bandwidths. Totest this the link between site 0 and site 2 was varied from 100 to 1000 Mbit/s whilethe other two links remained at 200 Mbit/s. This 
orresponded to varying the mean
onne
tivity C from 200 to 733 Mbit/s.
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Figure 7.14: Mean job time and CE usage varying network bandwidth from site 0to 2 for a three site Grid with random s
heduling.The mean job times and CE usage when using random s
heduling and queuea

ess 
ost s
heduling are shown in Figures 7.14 and 7.15. The medium rate of jobsubmission (1 job every 1000 se
onds) was used for these simulation runs. Withrandom s
heduling, upward of around 300 Mbit/s there is no improvement in themean job time with in
reased bandwidth although the CE usage does drop. Withqueue a

ess 
ost s
heduling however, the mean job times 
ontinue to fall as thebandwidth goes up, de
reasing by a fa
tor of 3 between 300 and 1000 Mbit/s. Thisshows that the queue a

ess 
ost poli
y makes ex
ellent use of the extra bandwidthavailable. The CE usage also de
reases with the in
rease in bandwidth, due to thefa
t that jobs run faster with the greater bandwidth and so the CEs are idle moreof the time. Using queue a

ess 
ost s
heduling, the CE usage is mu
h lower within
reased bandwidth than random s
heduling but this is be
ause the majority of the
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Figure 7.15: Mean job time and CE usage varying network bandwidth from site 0to 2 for a three site Grid with queue a

ess 
ost s
heduling.jobs are sent to the better 
onne
ted CE. Not using all the resour
es to their fullextent is the 
ost of redu
ing the times the jobs take to run.The set of results in this se
tion has shown that the s
heduling poli
ies behave aswe expe
t they should, and that there are some situations where the 
hoi
e of poli
ydoes not a�e
t the result. However when the s
heduling poli
y does make a di�eren
e,it 
an be signi�
ant and so the 
hoi
e of poli
y is important. The di�eren
es are evenmore apparent in a more 
omplex situation with a large set of resour
es, as we observein later se
tions.7.3.3 E
onomi
 Model AnalysisThe amount of money spent and gained by ea
h agent was monitored over the 
ourseof a simulation run, when the queue a

ess 
ost s
heduling poli
y was used with jobssubmitted at a rate of one job every 1000 s (the medium job submission rate). Thepro�t/loss for ea
h agent is shown in Figure 7.16, for both e
o-bin and e
o-zipf.The pattern of the results is very similar for both 
avours of e
onomi
 modelalthough the overall amount of money in the Grid is slightly smaller for e
o-zipf. Inthe early stages of the simulation only the SB at site 0 
ontains any �les, and so it is
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Figure 7.16: Pro�t/loss for agents on a three site Grid over time using (a) e
o-binand (b) e
o-zipf.the only seller in the market. If the SB at site 1 or 2 re
eives a request for bids froman AM on the same site and there is enough spa
e for the �le requested (and the SBdoes not already own the �le) the SB will always start a nested au
tion to obtain arepli
a of the �le. On
e the nested au
tion has 
ompleted the SB will return a bid ofzero GC to the AM, sin
e the network 
ost of supplying the �le to a lo
al AM is zero.At the end of this au
tion the AM will have re
eived a bid of zero GC from its lo
alSB and a bid from the SB at site 0 of the estimated �le transfer time. The result ofthis au
tion is then the lo
al SB winning at the pri
e bid by the SB at site 0, butsin
e the lo
al SB has also paid this pri
e to the SB at site 0 to obtain the repli
a,the net pro�t is zero. This is the reason the SBs at site 1 and 2 do not make a pro�tuntil around 0.2 days have passed.After this point these SBs have full SEs and 
an start selling their �les at a pro�tto the AMs on their sites. The pro�ts of all the SBs in
rease and the losses of theAMs in
rease roughly linearly, showing the market is stable, i.e. pri
es do not in
reaseover time. The relative rates of in
rease of the di�erent SBs tells us that with e
o-binthe SB at site 0 wins around half the au
tions whereas with e
o-zipf the other twosites win the majority of au
tions. This implies that less repli
ation takes pla
e when
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ies 161e
o-zipf is used, be
ause fewer �les are pur
hased from site 0 by sites 1 and 2 thanare bought by agents on the same site as ea
h other. Site 2 is not as well 
onne
tedto the other two sites as site 1 (see Figure 7.10) so we would expe
t that the SB atsite 1 should make more pro�t due to this and due to the fa
t that the queue a

ess
ost s
heduling poli
y means it should run more jobs anyway. E
o-bin behaves asexpe
ted, with the SB at site 1 making around 25% more than the SB at site 2 butwith e
o-zipf there is not as mu
h di�eren
e be
ause there is generally less repli
ationtaking pla
e, so most �les are pur
hased from lo
al SBs. Throughout most of thesimulation the SB at site 2 is more pro�table although in the end the SB at site 1�nishes with a slightly higher pro�t.
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Figure 7.17: Total pro�t/loss for AMs and SBs at ea
h site of the three site Gridusing (a) e
o-bin and (b) e
o-zipf.The total pro�ts and losses for the AMs and SBs at ea
h site at the end of ea
hsimulation are shown in the bar 
harts in Figure 7.17 for e
o-bin and e
o-zipf. Thevalues 
orrespond to the values for the same agents at the end of the simulationsshown in Figure 7.16. We 
an see that for both e
o-bin and e
o-zipf site 0 makes apro�t whereas sites 1 and 2 make a loss overall. Site 2's loss is greater than site 1's,as we expe
t, due to site 2 having the slower network 
onne
tion. E
o-bin favoursmore the SB on the site with the master �les (site 0), as this SB makes 2.5 times
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o-zipf, whereas the other two sites' SBs make around thesame pro�t with both 
avours. This, and the fa
t that overall sites 1 and 2 makesmaller losses with e
o-zipf suggests that for this situation e
o-zipf is preferred overe
o-bin. Looking at the job probability distribution for this set-up (Table 7.1) whi
hresembles a Zipf-like power-law distribution, this is not entirely unexpe
ted. Thisresult is reinfor
ed by the smaller mean job times for e
o-zipf and queue a

ess 
ostshown in Figure 7.12.7.4 European DataGrid Testbed 1
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No. of sites Total dataset size D C11 97 GB 0.37 867 Mbit/sFigure 7.18: The European DataGrid testbed 1.For the next set of tests we simulate the European DataGrid testbed 1 topologyand resour
es, shown in Figure 7.18 and Table 7.2. This testbed ran the �rst major



7.4 European DataGrid Testbed 1 163Site SE size Site SE sizeMan
hester 20 GB Lyon 50 GBNorduGrid 15 GB Padova 20 GBNIKHEF 33 GB Bologna 30 GBCatania 30 GB Torino 10 GBMilano 40 GB RAL 50 GBCERN 100 GBTable 7.2: SE sizes in EDG testbed 1.release of European DataGrid middleware in 2002 and it 
onsisted of 10 sites whi
h
ontributed 
omputing and storage resour
es and one site (CERN) whi
h 
ontainedonly storage resour
es. The storage resour
es at ea
h site are given in Table 7.2 andare s
aled down values from the a
tual resour
es that were available. The aim ofusing this testbed was to examine a realisti
 high energy physi
s situation where allraw data is initially produ
ed and stored at CERN, but analysed at other Grid sites.The simulated jobs are based on a s
aled down set of high energy physi
s analysisjobs from the CDF experiment use 
ase [72℄. Ea
h �le has a size of 1 GB and thetotal size of the whole set is 97 GB. The sizes of �le sets required by ea
h job areshown in Table 7.3. Data Sample Total Size (GB)Central J= 12High pt leptons 2In
lusive ele
trons 5In
lusive muons 14High Et photons 58Z0 ! bb 6Table 7.3: Estimated sizes of CDF se
ondary data sets (from [72℄).This testbed and set of jobs was used in [13℄ to evaluate repli
a optimisationstrategies using an early version of OptorSim. Here we 
onsider both s
heduling andrepli
a optimisation strategies and evaluate how e�e
tively they distribute the work-load and data. Contending network traÆ
 based on real throughput measurementsbetween the sites in Figure 7.18 (see Se
tion 6.4.2) is also in
luded in the simulation.



7.4 European DataGrid Testbed 1 1647.4.1 S
heduling Poli
y vs. Repli
a Optimisation StrategyThe �rst set of results 
ompare 
ombinations of s
heduling poli
ies and repli
a opti-misation strategies, for two di�erent kinds of users. The �rst kind of users (randomusers) submit jobs at random intervals, the delay between jobs having a uniformdistribution between 0 and 100 se
onds. The se
ond kind (DC04 users) is modelledon the observed job submission patterns for physi
s analysis during the CMS DataChallenge 2004, where the majority of the jobs are submitted during working hours,rea
hing a maximum of 100 jobs per hour at 3pm. The job submission rates per hourfor these types of users were shown in Figure 6.9. The total number of jobs submittedper simulation was 5000.
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Figure 7.19: Mean job time and CE usage for EDG testbed 1 with varying s
hedulingalgorithms and random job submission rate.Figure 7.19 shows the mean job time and CE usage for ea
h 
ombination ofs
heduling poli
y and repli
a optimisation strategy simulating random users and Fig-ure 7.20 shows the same results for DC04 users. The pattern of results for mean jobtime is very similar for both sets of users. The queue length and queue a

ess 
osts
heduling poli
ies give the lowest job times by a long way, with queue a

ess 
ost2-3 times faster than queue length. It seems that, in this situation, the workload ofa site is the major fa
tor to 
onsider when s
heduling, so the poli
ies that take the
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Figure 7.20: Mean job time and CE usage for EDG testbed 1 with varying s
hedulingalgorithms with CMS DC04 job submission rate.queue of jobs into a

ount perform mu
h better. Queue length has the highest CEusage with random users, be
ause it always makes sure the workload is spread evenlyaround all the CEs. Taking the queue length into a

ount does not make as mu
h ofa di�eren
e in the CE usage with DC04 users. This is be
ause there are long periodsduring the night and early morning when all of the jobs from the previous day havebeen pro
essed, and hen
e all of the CEs lie idle, whereas with random users there isa 
onstant stream of jobs submitted.7.4.2 A

ess PatternsThe mean job time and the e�e
tive network usage of the queue a

ess 
ost poli
y forsequential and Zipf a

ess patterns (here � = 0:5 again) with DC04 users is shown inFigure 7.21. The mean job time is lower for Zipf a

ess patterns be
ause many �lesare a

essed more than on
e in the same job, so if the �rst time a �le is a

essed it is
opied to lo
al storage, it is likely to be available there for subsequent a

esses. Thisalso explains the very low e�e
tive network usage for Zipf a

ess patterns. Thereis not mu
h di�eren
e between the repli
a optimisation strategies apart from LRUwhi
h gives poor performan
e with sequential a

ess patterns and the e
o models
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Figure 7.21: Mean job time and e�e
tive network usage for sequential and Zipf a

esspatterns for EDG testbed 1 and CMS DC04 users.seem to be a little more unstable than LRU and LFU.7.4.3 Long-term Stability
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Figure 7.22: Variation of average job time over time using LFU and e
o-bin for 20,000jobs submitted by CMS DC04 users to EDG testbed 1.



7.4 European DataGrid Testbed 1 167To measure how qui
kly the repli
a optimisation strategy takes the system to astable state, the average job time was measured over time and is shown for LFU ande
o-bin in Figure 7.22. 20,000 jobs were submitted by DC04 users using the queuea

ess 
ost s
heduling poli
y and ea
h point in the �gure is the average job time forthe previous 1000 jobs. The simulation ran for roughly 30 days, and ea
h peak andtrough in the �gure 
orresponds to the jobs that had been queued at the end of theday (when queues were full) and jobs submitted at the start of the day (when thequeues were empty) respe
tively. The e
onomi
 model 
onsistently gives lower meanjob times and the variations ea
h day are generally smaller than those of LFU.7.4.4 Job Workload
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Figure 7.23: Mean job time and e�e
tive network usage for varying numbers of jobssubmitted to EDG testbed 1.Figure 7.23 shows results from running the simulation with varying numbers ofjobs, from 100 to 100,000. The mean job time tends to start low, then rise to apeak at 1000 jobs, and then fall as the number of jobs in
reases, and this trend is
losely related to the size of the queues at Grid sites. At the start of the simulationthe queues are small, but they build up qui
kly while the �les are 
opied around theGrid. On
e the repli
ation pro
ess has stabilised the jobs 
an run faster and hen
e



7.4 European DataGrid Testbed 1 168the queues and the mean job time de
rease. The e�e
tive network usage meanwhilede
reases gradually with in
reasing numbers of jobs be
ause the amount of repli
ationde
reases over time. The e
o model strategies perform better with fewer jobs, whileLFU is slightly better with more jobs, although the e
o models 
onsistently 
onsumeless network resour
es.7.4.5 Storage Element SizesThe sizes of the SEs and in turn the value of D may a�e
t the performan
e of ea
hrepli
a optimisation strategy. We would expe
t that a lower value of D, i.e. lessstorage spa
e available per site, would lead to longer job times and larger e�e
tivenetwork usage be
ause fewer repli
as 
an be a

ommodated in the Grid. Figure 7.24shows the performan
e of repli
a optimisation strategies with varying values of D,with D = 0:37 
orresponding to the sizes listed in Table 7.2, and these values werethen s
aled by a fa
tor of 2 ea
h time to give ea
h value of D in Figure 7.24. Queuea

ess 
ost s
heduling was used here with DC04 users submitting 5000 jobs.For low values of D, the mean job time follows a power law relationship with D,showing that a small in
rease in the resour
es available 
an lead to a large fall in theobserved job times. This is in 
ontrast to the linear relationship seen for the simpletwo-site Grid 
on�guration in Figure 7.3. LRU performs badly for all D, as expe
ted,and the other three strategies vary in their e�e
tiveness with di�erent values of D.For very small SE sizes e
o-zipf gives the best results, with LFU next best and e
o-binworst. This order is reversed when D = 0:19 and by the time D = 0:37 there is nodis
ernible di�eren
e between the three. The mean job times with higher values ofD are high and unstable, with standard deviations of up to 2500 se
onds. This isbe
ause queue a

ess 
ost s
heduling does not take into a

ount the pro
essing timeinvolved in the job. If a site has all the �les available for all the jobs in its queue, itwill have a queue a

ess 
ost of zero and so is likely to have further jobs submittedto it, even though it will take a long time to 
lear the queue. In extreme 
ases, a sitewhi
h is the �rst to repli
ate all the �les for a parti
ular job 
an re
eive all subsequentjobs of this type submitted to the Resour
e Broker whi
h 
an result in very large jobtimes.
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Figure 7.24: Mean job time and e�e
tive network usage with varying values of D forthe EDG testbed 1.



7.4 European DataGrid Testbed 1 170The e�e
tive network usage de
reases with in
reasing D, be
ause mu
h less �lerepli
ation is required with the larger SE sizes. It drops to almost zero whenD = 0:74be
ause in this situation some of the SEs 
an hold all the �les and so no repli
aoptimisation is required. The relative performan
e of the optimisation strategiesfollows a similar pattern to that seen for the mean job time, with LRU 
learly theworst performer and no signi�
ant di�eren
e between the other three. Thus we
an 
on
lude that the sizes of SEs available to store repli
as has a large e�e
t onthe performan
e of Grid jobs, but this e�e
t does not depend signi�
antly on theparti
ular 
hoi
e of repli
ation strategy employed until spa
e is severely limited, whene
o-zipf gives the best results.In 
on
lusion, LRU performs badly 
ompared to LFU and the e
o models, whi
hhave roughly the same performan
e in terms of the time taken to run jobs, but thee
o models make slightly better use of the network resour
es. Queue a

ess 
osts
heduling gives a large improvement over other s
heduling poli
ies for situationswhere storage spa
e is limited, whi
h is the area of most interest to us here.7.4.6 E
onomi
 Model AnalysisIn this analysis of the e
onomi
 model, 5000 jobs were submitted to the EDG testbed,following the pattern of CMS DC04 users' job submission. The pro�t made by theSB, the loss made by the AM and the overall balan
e of ea
h site at the end of thesimulation are shown in Figure 7.25 for e
o-bin and e
o-zipf. The sites are orderedby their network 
onne
tivity, smallest �rst.Overall, the total pro�t or loss made by ea
h site is similar for both e
o-binand e
o-zipf, but they are more evenly distributed among the individual AMs andSBs with e
o-zipf. Some of this di�eren
e however is due to the jobs that ea
hsite re
eives, whi
h in turn is a�e
ted by the jobs the users submit to the Grid,whi
h varies randomly with ea
h simulation run. Catania and Milano have su
h slownetwork 
onne
tions (10 Mbit/s) that they are never s
heduled any jobs, hen
e theynever buy or sell any �les. Padova almost exa
tly breaks even for both e
o-bin ande
o-zipf, however the large s
ale of pro�t and loss for the AM and SB at this site isnot due to the number of �les traded but the fa
t that ea
h �le is so expensive due to
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Figure 7.25: Total pro�t/loss for AMs and SBs at ea
h EDG Testbed 1 site using (a)e
o-bin and (b) e
o-zipf.the slow network 
onne
tion. This trade-o� between the number of jobs in
reasingand the pri
e de
reasing with site 
onne
tivity 
ontributes to the la
k of a generaltrend in the pro�ts of ea
h site.Apart from CERN, whi
h holds all the master �les, the only site to make a pro�twith e
o-bin or e
o-zipf is RAL. It has the fastest network 
onne
tion to the Grid, at2.5 Gbit/s, but Man
hester has the same 
onne
tion speed yet makes a loss overall.The di�eren
e between these two sites is due to the SE sizes, with RAL having a
apa
ity of 50 GB and Man
hester 20 GB. The larger SE size means RAL has moreopportunity to sell �les to other sites, in
luding its 
lose neighbour Man
hester whi
hhas little room to store the �les it requires for its jobs. The 
ombination of fastnetwork 
onne
tivity and large SE size is therefore advantageous for making pro�tsat the expense of other sites with lesser resour
es.7.5 CMS Testbed 2002The Grid we simulate in this se
tion is based on a testbed used during a large s
aleprodu
tion e�ort for CMS in 2002 [85℄ and we use the same set of jobs that was used
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tion in 2002.in the previous se
tion. The Grid topology, shown in Figure 7.26, 
omprises 20 sitesin Europe and the USA. CERN and FNAL (where the data is originally produ
ed)have a relatively small storage 
apa
ity of 100 GB ea
h and a master 
opy of ea
h �leis stored at one of these sites. Every other site has a Computing Element and initiallyempty storage of 
apa
ity 50 GB. The storage values used are representative, beings
aled down from the a
tual resour
es at these sites. We again in
lude 
ontendingnetwork traÆ
 whi
h is based on network monitoring data between some of the sitesin Figure 7.26.7.5.1 S
heduling Poli
y vs. Repli
a Optimisation StrategyThe same tests, 
omparing ea
h 
ombination of s
heduling and repli
a optimisationalgorithm as were done for the EDG testbed were repeated for the larger CMS testbed.



7.5 CMS Testbed 2002 173As before, two di�erent groups of users were simulated: users submitting jobs atrandom times and users following the pattern of CMS Data Challenge users. Thetotal number of jobs submitted was again 5000 but for the latter group the maximumnumber of jobs submitted per hour was in
reased to 300 due to the larger number ofresour
es available.
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Figure 7.27: Mean job time and CE usage for CMS testbed 2002 with varying s
hedul-ing algorithms and random job submission rate.Figures 7.27 and 7.28 show results similar to those seen for the EDG testbed(Figures 7.19 and 7.20). Queue a

ess 
ost gives lower mean job times than anyother s
heduler, but does not use the available CEs as fully as some other poli
ies.Queue length has the highest CE usage, again be
ause it always s
hedules jobs toCEs that have no jobs in their queue if there are any available.7.5.2 Job WorkloadThe mean job time and e�e
tive network usage for a varying number of jobs submittedto the Grid, using the queue a

ess 
ost s
heduling poli
y, are shown in Figure 7.29.The job time in
reases with the number of jobs submitted up to 1000 jobs, thende
reases while the e�e
tive network usage de
reases 
onstantly with the number ofjobs. LRU 
onsistently has the slowest job times and highest e�e
tive network usage,
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Figure 7.28: Mean job time and CE usage for CMS testbed 2002 with varying s
hedul-ing algorithms and CMS DC04 job submission rate.
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Figure 7.29: Mean job time and e�e
tive network usage for varying numbers of jobssubmitted to CMS testbed 2002 by CMS DC04 users.showing that it is poor at making repli
ation de
isions, although it does improvewith a high number of jobs. The e
onomi
 model optimisers use the lowest amountof network resour
es for all numbers of jobs be
ause they make better de
isions onwhi
h repli
as ea
h site should store. However, using the e
onomi
 model to lower



7.5 CMS Testbed 2002 175job times is only more e�e
tive than LFU when a large number of jobs are exe
utedby the Grid.
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Figure 7.30: Mean job time and e�e
tive network usage for varying job submissionrates to the CMS testbed 2002 using the binomial-based e
onomi
 model.The performan
e of any optimisation strategy is heavily dependent on the work-load of the Grid, whi
h is 
ontrolled by the rate at whi
h jobs are submitted to theGrid. If the jobs are submitted at a rate faster than they 
an be pro
essed by theGrid, we would expe
t the job times to in
rease steadily with the number of jobs,sin
e queues will 
ontinually in
rease at ea
h Grid site. On the other hand, if the jobsubmission rate is very slow, after an initial period of heavy repli
ation we would ex-pe
t the job time to be
ome 
onstant. Figure 7.30 shows the performan
e of e
o-binwith di�erent numbers of jobs and intervals between job submission of 10 s, 50 s, and500 s. With a fast job submission rate the mean job time in
reases almost linearlywith the number of jobs, as the queues grow very large. The time remains roughly
onstant or de
reases slightly with the lower rates, as we expe
t. The e�e
tive net-work usage de
reases gradually for the slower job submission rates, but after a fall upto 1000 jobs, for the fast submission rate it rises with larger numbers of jobs. This isbe
ause although jobs are s
heduled to the data, when they eventually 
ome to runthe data is not available lo
ally anymore so overall more repli
ation takes pla
e.



7.5 CMS Testbed 2002 176Any Grid must therefore ensure that it has suÆ
ient resour
es to deal with theexpe
ted job submission rate, otherwise job times will spiral upward and make theGrid unusable. If the resour
es 
an 
ope, a good 
hoi
e of repli
ation strategy meansthat after an initial period, job times and network usage will stabilise at reasonablelevels.7.5.3 Storage Element SizesVarying the SE sizes 
hanges the value of D and for the EDG testbed lowering Dhad a very large e�e
t on both the job times and e�e
tive network usage. Figure 7.31shows the results of a similar test performed on the CMS testbed where the SE sizesvaried from 3 GB (D = 0:03) to 100 GB (D = 1:12). As before, the linear de
rease onthe log-log s
aled plot shows the job time varies with D following a power law. Therate of in
rease with lower D is very similar to the rate seen for the EDG testbed forall the strategies, showing that for these sizes of Grids (10 - 20 sites), the dependen
eof job time on D is independent of the number of sites. E
o-zipf is again the bestperformer at very low D, but as D in
reases, �rst LFU then e
o-bin out-performthe others and so again we 
annot say that varying the SE sizes a�e
ts any strategymore than any other apart from extremely low values of D. When D is very large,so that all the sites 
an store all the �les for all the jobs, we see the same largein
rease in job time as before, 
aused by the queue a

ess 
ost s
heduling poli
y. Thee�e
tive network usage follows a similar pattern to that whi
h was seen for the EDGtestbed, de
reasing gradually down to almost zero. The relative performan
e of theoptimisation strategies follows 
losely the relative di�eren
es in job time, showingtwo metri
s are very 
losely linked.7.5.4 E�e
ts of Ba
kground Network TraÆ
All simulation results shown so far for the EDG testbed and CMS testbed havein
luded non-Grid network traÆ
. Here, some results are 
ompared with simulationsrun with the same parameters, but without the in
lusion of ba
kground networktraÆ
. We would expe
t the job times to de
rease be
ause data 
an be repli
ated
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Figure 7.31: Mean job time and e�e
tive network usage for varying values of D forthe CMS testbed 2002.
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tive network usage to stay 
onstant, as this depends on the numberof �les 
opied a
ross the network, whi
h should remain the same.
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Figure 7.32: Mean job time and e�e
tive network usage with ba
kground traÆ
 forthe CMS testbed 2 on and o� and D = 0:56.
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Figure 7.33: Mean job time and e�e
tive network usage with ba
kground traÆ
 onand o� and D = 0:28.Figure 7.32 shows the mean job time and e�e
tive network usage for the fourrepli
a optimisation strategies when simulated ba
kground network traÆ
 is on and
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ted there is little di�eren
e in the e�e
tive network usage, but there isalso little di�eren
e in the mean job time, although the standard deviation is smallerfor all the optimisation strategies apart from e
o-bin, as the ba
kground traÆ
 is alarge sour
e of random variation in the simulation. The similarity in job times is dueto the fa
t that for this 
on�guration the value of D is relatively high (0.56), so notmu
h repli
ation takes pla
e be
ause the SE sizes are relatively large. This meansthe network bandwidth available has less e�e
t on the time to run jobs.The same 
omparison was done using a Grid where ea
h site had its value ofD redu
ed by a fa
tor of a half (Figure 7.33). Here, the e�e
tive network usagehas in
reased by up to a fa
tor of three, due to the in
reased repli
ation requiredby the redu
ed storage 
apa
ity. There is a 
lear de
rease in the mean job timewhen ba
kground traÆ
 is not in
luded, and again the standard deviations are mu
hsmaller. Therefore we 
an 
on
lude that for Grid 
on�gurations with low values of D,the presen
e of ba
kground network traÆ
 has a large in
uen
e on the performan
eof the Grid, but does not a�e
t any repli
ation strategy more than any other.7.5.5 E
onomi
 Model AnalysisThe same analysis used for the EDG testbed was applied to the CMS Testbed andthe results are shown in Figure 7.34, with the sites again ordered by the speed oftheir network 
onne
tion.The pattern of results is similar for both 
avours of the e
o model to the EDG
on�guration, but most of the sites with slower network 
onne
tions almost exa
tlybreak even. This is be
ause a low bandwidth 
onne
tion makes it very unlikelythat the AM will buy �les from other sites or that the SB 
an sell �les to othersites. The pri
es are simply too high and so the AM and SB on ea
h site form anindependent market, only trading between themselves. The sites with the higherbandwidth 
onne
tions generally make a small loss apart from CERN and FNAL,whi
h hold the master �les. These sites do more trading among ea
h other be
auseit is fairly 
heap to buy and sell �les, although the net result is a loss for ea
h siteoverall. The di�eren
e in pri
es for �les at di�erent sites is emphasised by the largerSB pro�ts and AM losses for the lower bandwidth sites. Even though they run fewer
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Figure 7.34: Total pro�t/loss for AMs and SBs at ea
h CMS Testbed site using (a)e
o-bin and (b) e
o-zipf.jobs, the �le pri
es are so mu
h higher for these sites that the di�eren
e 
an be up to3-4 times that of the better 
onne
ted sites.Pri
ing information on the �les bought and sold by ea
h AM and SB in thissituation are shown for e
o-bin in Tables 7.4 and 7.5. Table 7.4 gives the numbersand average pri
es of �les bought and sold by ea
h SB along with the pro�t ea
hmakes, and Table 7.5 shows the number and average pri
e of �les bought by ea
h AMand the net balan
e for ea
h site (the SB pro�t minus the AM loss).The �rst important point to note is that the numbers of �les bought by SBs arefar smaller than the numbers sold, whi
h is be
ause the probability that ea
h job hasof being submitted to the Grid does not 
hange over the 
ourse of the simulation.The a

ess patterns then remain fairly stable and so after some initial shu�ing of�les the SBs keep the same set for the duration, i.e. the initial 
onditions (the sites towhi
h the �rst few jobs were sent) determine the sites to whi
h all future jobs are sentand hen
e the �les stored at ea
h site. The queue a

ess 
ost s
heduling algorithmalso ensures that jobs requiring similar data sets go to the same sites, therefore the�les already on these sites are valued higher and are less likely to be deleted.The number of �les bought by AMs rises for sites with higher speed network



7.5 CMS Testbed 2002 181Site Bandwidth Files Bought Ave. Cost Files Sold Ave. Gain Pro�t(Mbit/s) (GC) (GC) (GC)Bari 45 0 0 0 0 0Roma 45 0 0 0 0 0Torino 45 0 0 0 0 0Catania 100 14 139 2834 123 347131Firenze 100 8 146 390 124 474427Perugia 100 12 141 2760 123 338333Pisa 100 7 141 597 124 73505Bologna 155 25 96.2 3460 80.4 276070Imperial 155 14 94.9 3293 83.1 272603Mos
ow 155 28 88.2 4385 81.0 352697Padova 155 23 101 3530 81.0 283862Bristol 622 33 19.5 8097 21.2 171691Calte
h 622 58 24.1 3120 20.5 62754RAL 622 50 20.5 8693 20.7 179327UCSD 622 57 18.1 4175 17.7 72866UFL 622 56 19.3 5496 17.8 96917Wis
onsin 622 64 19.4 3195 17.5 54689Lyon 2500 77 7.14 4679 10.5 48950CERN 1000 0 0 2041 18.2 37305FNAL 2500 0 0 2852 16.8 47923All Sites 507 526 40.5 63597 43.8 2764050Table 7.4: Storage Broker statisti
s for ea
h site on the CMS Testbed.Site Bandwidth Files Bought Ave. Cost Loss Site Balan
e(Mbit/s) (GC) (GC) (GC)Bari 45 0 0 0 0Roma 45 0 0 0 0Torino 45 0 0 0 0Catania 100 2834 123 349078 -1947Firenze 100 390 124 48597 -1170Perugia 100 2760 123 340032 -1699Pisa 100 597 124 74492 -987Bologna 155 3459 80.4 278333 -2263Imperial 155 3284 83.0 272888 -285Mos
ow 155 4384 80.9 355002 -2304Padova 155 3527 81.0 285779 -1917Bristol 622 8059 20.9 169124 2567Calte
h 622 3150 19.8 62640 114RAL 622 8696 20.5 178283 1044UCSD 622 4938 17.9 88566 -15700UFL 622 6330 17.9 113532 -16615Wis
onsin 622 3853 17.8 68816 -14126Lyon 2500 6810 11.5 78890 -29941CERN 1000 0 0 0 37305FNAL 2500 0 0 0 47923All Sites 507 63071 43.8 2764050 0Table 7.5: A

ess Mediator statisti
s for ea
h site on the CMS Testbed.
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onne
tions as we would expe
t be
ause these sites have a higher throughput of jobs.The number of �les sold by ea
h SB is fairly similar to the 
orresponding AM, infa
t it is exa
tly the same for sites with 
onne
tion speeds lower than 155 Mbit/s,
on�rming that agents on these sites only trade within their own site. Sites withhigher bandwidth trade mu
h more freely with ea
h other and so the 
orrelationbetween AM and SB on the same site is not so strong. Average pri
es for �les boughtand sold fall rapidly with in
reasing network bandwidth, sin
e pri
es are 
al
ulatedon �le transfer time whi
h varies inversely with bandwidth. The SBs at sites holdingthe master �les do not sell as many �les as other similarly 
onne
ted sites and mu
hof this pro�t is gained at the start of the simulation when these two sites e�e
tivelyhave a monopoly on all the �les sin
e they hold the only 
opies. On
e the �les arerepli
ated around the Grid these sites 
an still parti
ipate and win au
tions but theydo not have the same power to 
harge high pri
es and almost always a lo
al SB willunder 
ut them.Taking all the SBs into 
onsideration, the 
ost of buying a �le is slightly less thanthe amount re
eived for selling it, therefore any SB in general needs only to sell a �leon
e to make a pro�t from it. Sin
e all sites start from zero GC, the overall balan
efor every site 
ombined is zero, with the SBs making around 2.7 million GC and theAMs spending the same amount. This 
orresponds to a 
ost of just over 550 GC torun a single job. In 
on
lusion, this se
tion and the analyses of other 
on�gurationshas shown that an e
onomy based on network 
osts 
an provide a fair, stable andeÆ
ient marketpla
e.7.6 Larger GridsRe
ent work by the other OptorSim developers has 
on
entrated on testing optimi-sation strategies on larger Grid testbeds. It is expe
ted that in the future Grids willgrow up to the order of thousands of sites, and both the simulation and any strategiesmust be able 
ope with this s
ale of resour
es. In [28℄, the LCG testbed shown inFigure 1.6 was simulated, and it was found that the e
onomi
 models only o�ered anadvantage when the Grid was heavily loaded, as was the 
ase in the EDG and CMS
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ts are roughly 
onsistent for di�erent s
ales of Grids up to 
urrent sizes,but they have yet to be tested with the larger Grids that will be 
onstru
ted in thefuture.7.7 SummaryAll the results presented here for di�erent types of Grids have shown that the queuea

ess 
ost s
heduling poli
y signi�
antly redu
es the time taken by the Grid torun jobs, apart from some 
ases where SE sizes are very large and optimisation isperhaps not really ne
essary. LRU is usually the least e�e
tive repli
a optimisationstrategy at lowering job run times and making best use of the Grid resour
es, be
auseonly 
onsidering the time a �le was last a

essed does not give an a

urate pi
tureof the �le request pattern. The e
o models 
onsistently outperform LFU in verysimple situations, however they are generally equal to LFU in more 
omplex Gridenvironments, showing that the model perhaps does not s
ale as well as it should.In general LFU is regarded as the simplest and best 
a
he management strategy,and here we have shown that the e
o models 
an equal its performan
e, althoughthey have a mu
h higher 
omplexity. Therefore based on these results, any 
urrentGrid developments should use LFU, as it is very simple and easily understood, andthe 
omplex e
o models do not o�er any performan
e advantage. However, the e
o-model is at an early stage of development, and part of our future work will be toassign limited budgets to the AM and SB agents and introdu
e 
harges for usingother Grid resour
es su
h as 
omputational power and storage spa
e. This, andfurther re�nement of the algorithms within the model, 
ould push the performan
epast that of LFU far enough that it be
omes advantageous to use in a real Griddeployment.There is usually very little di�eren
e in the performan
e of the two 
avours ofe
o model, even for di�erent a

ess patterns, suggesting that their good performan
ein some situations 
ompared to LFU is due to the fa
t that they do not have torepli
ate every �le, rather than the values pla
ed on parti
ular �les. Analysis of the
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e has shown that the e
onomi
 model is generally stable for both 
avoursbut the Zipf-based model may have a slight edge over the binomial-based model. Thee
onomi
 model we have developed so far only 
onsiders 
osts in terms of �le transfertime and network usage, but should provide a good base to build upon for futureinvestigations into this area.



8 Con
lusions 185
Chapter 8
Con
lusions
The 
on
ept of Grid 
omputing has emerged as the solution to the needs of data-intensive s
ienti�
 experiments su
h as the next generation of high energy physi
sexperiments 
urrently under development at CERN. Grid middleware enables dis-tributed resour
es to be 
onne
ted and aggregated together so they 
an seamlesslybe exploited by s
ientists. The set of data management middleware servi
es devel-oped by the European DataGrid has been shown to s
ale well up to and beyondthe expe
ted limits of normal operation expe
ted for high energy physi
s analysisin a Grid environment. The 
atalog servi
es (RLS and RMC) 
an hold up to 10million �le mappings and handle up to 200 
on
urrent 
onne
tions with relativelylittle degradation in performan
e, and the overhead of operations on these 
atalogsis very small 
ompared to the transfer times of the average size of �le (� 1 GB).These servi
es have been integrated into the LHC Computing Grid and have alreadysu

essfully been used in a produ
tion 
ontext, during a CMS data 
hallenge fromMar
h to May 2004, when the RLS was used to store information on over two millionrepli
ated �les.The e�e
ts of se
urity in
rease the time to perform operations by a fa
tor of 10 atleast, but given the small overhead of the servi
es 
ompared to �le transfer, this is nota major problem, and further development should redu
e these e�e
ts further. The
urrent main themes of development in the data management servi
es are splitting thebulky Repli
a Manager 
lient into several smaller lightweight servi
es, using a virtual
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tory stru
ture for logi
al �le naming, and 
reating a 
ombined 
atalog interfa
ebehind whi
h lies a �le 
atalog, a repli
a 
atalog and a (�le) metadata 
atalog.The Grid simulation pa
kage OptorSim, developed to evaluate repli
a optimisa-tion strategies, has proven to be a very useful tool for simulating any generi
 Grids
enario. It allows any kind of Grid topology to be simulated and a multitude ofparameters 
an be varied to 
ompare many di�erent situations. The modular 
odebase allows easy implementation of any new optimisation strategy, and several exter-nal users have already adapted OptorSim to their own purposes. Here OptorSim hasbeen used to validate our optimisation strategies on very simple Grids and test theirperforman
e on larger Grid 
on�gurations with up to 20 sites. It has re
ently beenused to simulate around 100 Grid sites [28℄ and 105 Grid jobs, however further testingis required to �nd out if it 
an s
ale up to O(1000) sites and millions of jobs that areexpe
ted when the LHC starts operation in 2007. Future work will also allow di�erentjobs to be simulated su
h as Monte-Carlo style physi
s data generation, where datais dynami
ally 
reated throughout the simulation. Other dynami
 e�e
ts su
h as thetemporary unavailability of sites will be added along with more realisti
 simulationof 
omponents like the 
lusters of worker nodes whi
h make up Computing Elements.Ultimately, the aim is to implement the strategies tested in OptorSim into the realGrid environment, and 
ompare results on the performan
e of the strategies in bothsituations.The optimisation of Grid resour
es su
h as network bandwidth, storage spa
e,and 
omputational power is important both for the 
onsumer and the provider ofea
h resour
e. It was shown that when these resour
es are limited, the Queue A

essCost s
heduling poli
y, whi
h takes into a

ount both the lo
ation of data requiredby ea
h job and the workload of ea
h site, gave the best performan
e overall. As thes
ale of the Grid in
reases up to 20 sites, this poli
y redu
es job times by up to afa
tor of 2 or 3 
ompared to other poli
ies.A 
omparison of repli
a optimisation strategies in a variety of situations has shownthat Least Frequently Used (LFU) and two kinds of e
onomi
 model strategies arebetween 20% and 100% better at redu
ing job times than the simple Least Re
entlyUsed (LRU) strategy. In a simple 
on�guration with only two Grid sites the e
onomi




187model was up to 20% better at redu
ing job times than LFU, but as the simulationtestbed in
reased to 20 sites there was either no advantage using the e
onomi
 modelsor only a very small advantage (around 5%). The variation of job times and e�e
tivenetwork usage with the size of storage resour
es available at ea
h site is approximatelyindependent of the number of sites and the optimisation strategy (for non-trivialGrids), although the Zipf-based e
onomi
 strategy 
an perform up to 25% betterthan the others when spa
e is heavily 
onstrained.The 5% redu
tion in job time seen for the e
onomi
 model in the larger testbed
on�gurations probably does not outweigh the 
omplexity involved in implementingthis strategy, therefore LFU would be the best 
hoi
e for any 
urrently operationalGrid. However, the 
urrent implementation of the e
onomi
 model only takes intoa

ount network resour
es as a pri
ing me
hanism, and future work will extend thisto in
lude 
harges for using other resour
es su
h as 
omputational power and storagespa
e, whi
h should lead to an improved performan
e.



A S
otGrid Website 188
Appendix A
S
otGrid Website
This 
hapter gives an overview of work 
arried out on the S
otGrid website over theperiod January 2002 to June 2004, representing Phase 1 of the proje
t. This workin
luded the design and layout of the site, and the webpage-based monitoring of theresour
es used by ea
h group of users.A.1 The S
otGrid Proje
tS
otGrid is a prototype three-site Tier-2 
entre for GridPP [66℄ for the analysis of dataprimarily from ATLAS and LHCb as well as from other experiments. Initially, 
luster
omputational resour
es were largely based at Glasgow and data storage resour
eswere largely based at Edinburgh. However in early 2004 a CPU farm in DurhamUniversity Institute for Parti
le Physi
s Phenomenology also be
ame part of S
otGridand the 
urrent three-site layout is illustrated in Figure A.1.Phase 1 of the proje
t 
onsisted of a 128 CPU farm in Glasgow and a 5 TBdata store in Edinburgh. As well as the high energy physi
s appli
ations, S
otGridwas used by groups involved in Grid data management, bioinformati
s, informationretrieval and devi
e modelling.The main parti
le physi
s a
tivities were Monte Carlo generation and data 
hal-lenges in preparation for the LHC starting up in 2007. Monte Carlo generationinvolves simulating many events and the 
onsequent output of the dete
tors in orderto understand the dete
tor performan
e and sele
t trigger strategies for interesting
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Figure A.1: The layout of S
otGrid, showing the resour
es at Glasgow, Edinburghand Durham.events when the real dete
tors 
ome on-line. Data 
hallenges o

ur periodi
ally andare essentially s
aled-down pra
tise runs of the running experiment designed to testthe entire distributed 
omputing framework. Ea
h data 
hallenge uses more datathan the previous one, aiming eventually to rea
h the real levels produ
ed by theexperiments. Members of the ATLAS and LHCb experiments have used S
otGridheavily for these a
tivities.The Grid Data Management group use S
otGrid for high-volume runs of the Op-torSim simulation tool, to investigate repli
a optimisation in a Grid environment.Most of the results from OptorSim presented in this thesis were obtained using S
ot-Grid. The UKQCD 
ollaboration uses S
otGrid for latti
e �eld theory 
al
ulationsthrough simulation of Quantum Chromodynami
s (QCD). This aims to in
rease ourunderstanding of the strong for
e and hen
e the predi
tive power of the StandardModel. Resear
hers at the Biomedi
al Resear
h Centre in Glasgow have been us-
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t 190ing S
otGrid to assist with their resear
h into developing new statisti
al methods toanalyse 
omplex geneti
 data 
urrently being produ
ed by life s
ien
e experiments.

ATLAS

LHCb

BaBar

CDF

Grid Data Management

Bioinformatics

ZEUS

UKQCD

Medipix

Information Retrieval

Device Modelling

MICEFigure A.2: S
otGrid use by group from June 2002 to June 2003.Information Retrieval looks at ways of e�e
tively gaining information from massesof data, in
luding from the World Wide Web using te
hniques su
h as link analysis.The Medipix group is developing a single photon 
ounting 
hip and use S
otGrid fordetailed simulation studies. Simulations of semi-
ondu
tors are also run on S
otGridby the devi
e modelling group whi
h use Monte Carlo te
hniques to model 
ompo-nents su
h as transistors. The MICE experiment at Rutherford Appleton Laboratory
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t 191aims to test a possible 
ooling me
hanism for a muon beam used in a neutrino fa
tory,and S
otGrid has provided 
omputing power for beamline simulation studies.

ATLAS

LHCb

BaBar

CDF

Grid Data Management

Bioinformatics

ZEUS

UKQCD

Medipix

Information Retrieval

Device Modelling

MICEFigure A.3: S
otGrid use by group from July 2003 to April 2004.Graphs showing the use by ea
h group of users are shown in Figures A.2 and A.3.By the end of Phase 1 in April 2004 the CPU farm had pro
essed over 100,000jobs whi
h had 
onsumed just under 900,000 CPU hours, giving an average use ofaround 50% of the resour
e 
apa
ity. Phase 2 started in May 2004 when the 
entrewas upgraded to 256 CPUs at the Glasgow site and 24 TB of storage in Edinburgh.Also at this time an 80 CPU farm based at Durham was 
onne
ted and large-s
ale
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ture began (up to then the
omputational fa
ilities were only available to lo
ally submitted jobs).

Figure A.4: S
otGrid home page.
A.2 Website MonitoringThe website for S
otGrid (http://www.s
otgrid.a
.uk) gives information on thehardware resour
es, members of the proje
t and various sub-groups within the proje
t,papers and presentations given 
on
erning S
otGrid and links to other related websites. Via the website it is also possible to monitor the 
urrent status of jobs running
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s of use by the di�erent groups over thelifetime of the proje
t. A s
reenshot of the home page is shown in Figure A.4.

Figure A.5: S
otGrid 
urrent status web page.The web page shown in Figure A.5 gives information on the jobs 
urrently exe
ut-ing on the Glasgow CPUs, updated every ten minutes. This table is produ
ed fromthe output of the Portable Bat
h System (PBS) 
ommand qstat -n whi
h gives thestatus of every job submitted to the s
heduler that is either running or waiting to run.This information is pro
essed by a Perl s
ript to output the HTML page showing forea
h node the owner of the job, the name of the job and the length of time for whi
hit has been running.



A.2 Website Monitoring 194

Figure A.6: Weekly use of S
otGrid by group for the week up to 16th August 2004.The use statisti
s were summarised at the end of ea
h week in the form of atable and pie 
hart, as shown in the web page in Figure A.6. This informationwas obtained from the s
heduler 
ommand showstats -u, whi
h shows the totalnumber of pro
essing hours used by ea
h user sin
e S
otGrid started operation. Are
ord is kept of these �gures ea
h week and the di�eren
e between this week's andlast week's �gures is used to �nd the 
urrent week's use for ea
h user. The usersare then mapped to a group and another Perl s
ript is used to 
reate the HTML



A.2 Website Monitoring 195page from this information. The pie 
hart is 
reated using PAW (Physi
s AnalysisWorkstation) [107℄.

Figure A.7: Total use by group for Phase 1 of S
otGrid.The same 
ommand is used to 
al
ulate the total use for ea
h group sin
e S
otGridstarted operation, and a similar pro
edure 
reates the web page shown in Figure A.7.



A.3 Summary 196A.3 SummaryS
otGrid has provided valuable 
omputational power not just for parti
le physi
s, buta wide range of s
ienti�
 appli
ations. The website for Phase 1 of S
otGrid 
ontainedpages to display statisti
s on the use of the CPU farm by the di�erent groups. Thesepages were automati
ally generated using a

ounting information from the lo
al bat
hs
heduler and gave information on the 
urrent jobs running, the use by ea
h group perweek and the total use per group sin
e S
otGrid began operation. The appli
ationshad used just under 1 million hours of CPU time in the �rst two years of the proje
t.The 
entre has in
reased re
ently in
reased in size and it 
an provide even morepro
essing power for these s
ienti�
 appli
ations, however, the main fo
us is now tointegrate a signi�
ant fra
tion of these resour
es into the Grid.
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Appendix B
Glossary
Many 
on
epts and 
omponents involved in the �eld of Grid 
omputing have theirnames abbreviated to short a
ronyms. An alphabeti
al listing of all the a
ronymsused in this thesis is provided in this appendix.ALICE A Large Ion Collider ExperimentAM A

ess MediatorAOD Analysis Obje
t DataAPI Appli
ation Program Interfa
eATF Ar
hite
ture Task For
eATLAS A Toroidal LHC ApparatuSCA Certi�
ate AuthorityCAS Community Authorization Servi
eCDF Collider Dete
tor at FermilabCE Computing ElementCERN European Organization for Nu
lear Resear
hCLI Command Line Interfa
eCMS Compa
t Muon SolenoidCPU Central Pro
essing UnitDAES Data A

ess Estimation Servi
eDMTF Distributed Management Task For
e



198DNS Domain Name SystemEDG European DataGridEGEE Enabling Grids for E-s
ien
e in EuropeESD Event Summary DataESG Earth S
ien
e GridFBR Frequen
y Based Repla
ementFNAL Fermi National A

elerator LaboratoryGB Giga Bytes (109 Bytes)GC Grid CreditsGDMP Grid Data Mirroring Pa
kageGGF Global Grid ForumGMA Grid Monitoring Ar
hite
tureGRACE GRid Ar
hite
ture for Computational E
onomyGRAM Globus Resour
e Allo
ation ManagerGridPP Grid for Parti
le Physi
sGriPhyN Grid Physi
s NetworkGSI Grid Se
urity Infrastru
tureGUI Graphi
al User Interfa
eGUID Globally Unique IDenti�erHTML HyperText Markup LanguageHTTP HyperText Transport Proto
olIETF Internet Engineering Task For
eIP Internet Proto
olIPG Information Power GridIRR Inter-Referen
e Re
en
yJDL Job Des
ription LanguageJVM Java Virtual Ma
hine



199LAN Lo
al Area NetworkLCAS Lo
al Centre Authorization Servi
eLCG LHC Computing GridLCMAPS Lo
al Credential Mapping Servi
eLFN Logi
al File NameLFU Least Frequently UsedLHC Large Hadron ColliderLIGO Laser Interferometer Gravitational Wave ObservatoryLIRS Low Inter-referen
e Re
en
y SetLRC Lo
al Repli
a CatalogLRFU Least Re
ently Frequently UsedLRU Least Re
ently UsedMB Mega Bytes (106 Bytes)MDS Meta
omputing Dire
tory Servi
eMONARC Models of Networked Analysis at Regional Centres forLHC ExperimentsMP3 MPEG audio Layer-3NASA National Aeronauti
s and Spa
e AdministrationNEESgrid Network for Earthquake Engineering Simulation GridOASIS Organization for the Advan
ement of Stru
turedInformation StandardsOGSA Open Grid Servi
es Ar
hite
tureOGSI Open Grid Servi
es Infrastru
tureP2P Peer to PeerP2PM Peer to Peer MediatorPAW Physi
s Analysis WorkstationPB Peta Bytes (1015 Bytes)PBS Portable Bat
h SystemPPDG Parti
le Physi
s Data Grid



200QAG Quality Assuran
e GroupRAL Rutherford Appleton LaboratoryRB Resour
e BrokerRDBMS Relational DataBase Management SystemRFD Ready For DownloadRFT Reliable File TransferR-GMA Relational Grid Monitoring Ar
hite
tureRLI Repli
a Lo
ation IndexRLS Repli
a Lo
ation Servi
eRM Repli
a ManagerRMC Repli
a Metadata CatalogRMS Resour
e Management SystemRO Repli
a OptimiserROS Repli
a Optimization Servi
eRPC Remote Pro
edure CallRTT Round Trip TimeSAM Sequential A

ess to MetadataSB Storage BrokerSE Storage ElementSOAP Simple Obje
t A

ess Proto
olSQL Stru
tured Query LanguageSRM Storage Resour
e ManagerSSL Se
ure So
ket LayerSURL Storage URLTB Tera Bytes (1012 Bytes)TCP Transmission Control Proto
olTLS Transport Layer Se
urityUI User Interfa
eUML Uni�ed Modelling Language



201URL Uniform Resour
e Lo
atorUUID Universally Unique IDenti�erVO Virtual OrganisationVOMS Virtual Organisation Membership Servi
eWMS Workload Management Servi
eWP Work Pa
kageWSDL Web Servi
es Des
ription LanguageXIO eXtensible Input/OutputXML eXtensible Markup Language
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Appendix C
UML Notations
The Uni�ed Modelling Language (UML) [126℄ provides a standard way of des
ribingthe stru
ture and operation of obje
t-oriented systems. In this thesis three types ofUML diagrams are used to explain the OptorSim simulation and some of the notationused in these diagrams is presented here.C.1 Pa
kage DiagramsIn JavaTM, 
lasses with 
losely related fun
tionality 
an be grouped into pa
kages.This means that any fun
tionality that is shared by members of the pa
kage neednot be exposed outside the pa
kage and allows easier 
ode management. Pa
kagediagrams show the dependen
ies between ea
h pa
kage, i.e. whi
h pa
kages are usedby other pa
kages. In general it is a good idea not to have 
y
li
 relationships betweenseveral pa
kages.

packageA
The folder de�nes the name of the pa
kage, and optionally the
lasses 
ontained within it.
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package1 package2

The dotted arrow des
ribes a dependen
y, i.e.pa
kage1 uses fun
tionality provided by pa
k-age2.C.2 Class DiagramsA 
lass de�nes a set of attributes and methods. Obje
ts in an obje
t-oriented systemare 
reated as instan
es of a 
lass. Attributes are variables asso
iated with ea
h 
lassand methods are fun
tions of the 
lass that 
an be 
alled by other 
lasses. Inter-fa
es 
annot be instantiated but provide template methods that 
lasses implementwith their own fun
tionality and they are used to hide or en
apsulate di�erent im-plementations behind a 
ommon set of methods. Sub
lasses inherit all the methodsof their super
lass but 
an also provide their own implementation of any of thesemethods. Class diagrams show the attributes and methods de�ned for ea
h 
lass andthe relations between 
lasses, sub
lasses and interfa
es.
+getSize() : int

#setSize(int x) : void

size : int

ClassX

The name of this 
lass is ClassX and it has one attribute,size, of type int and two methods: getSize() whi
h takesno parameters and returns an int and setSize() whi
htakes an int as a parameter and does not returns any-thing. Methods marked + are publi
, so any other 
lass
an 
all them, and methods marked # are prote
ted, sothey 
an only be 
alled from 
lasses in the same pa
kageor sub
lasses.
<< interface >>

InterfaceY

+getFloat(int x) : float

ClassY

+getFloat(int x) : float

ClassY implements Inter-fa
eY, providing its ownversion of the getFloat()method.



C.3 Sequen
e Diagrams 204

+getName() : String+getName() : String

SubClassA SubClassB

ClassZ

+setName(String s) : void

+getName() : String

The abstra
t (denoted by itali
name) ClassZ 
annot be instanti-ated but the two sub
lasses 
an, andthey ea
h provide their own imple-mentation of getName(). The sub-
lasses both use setName() de�nedby ClassZ.C.3 Sequen
e DiagramsSequen
e diagrams aim to show the sequen
e of events over time as a set of messagesor method 
alls between 
lasses.
ClassX

time

A 
lass or obje
t is represented by a box with a dotted linegoing downward showing the intera
tions of the 
lass overtime.
ClassY ClassX

getSize() ClassY 
alls the getSize() method of ClassX,whi
h returns the size. ClassY then performssome internal pro
essing.
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