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Abst ract  
 
   Gri d t echnol ogy is devel oped to share data across many organi zat i ons i n di f f erent  geographi cal  
l ocat i ons.  Data repl i cat i on is a good t echni que t hat  hel ps t o move dat a because i t  caches data 
cl oser to users.  The i dea of repl i cat i on i s to store copi es i n di f ferent  l ocat i ons so it can be easi l y 
recovered i f  one copy at  one l ocat i on i s l ost .  Moreover, i f  data can be kept  cl oser to user vi a 
repl i cat i on,  dat a access perf ormance can be i mproved dramat i cal l y.  When di f ferent si tes hol d 
repl i cas, there are si gni f i cant benefi t s real i zed when sel ect i ng the best  repl i ca.  Net work 
perf ormance pl ays a maj or rol e i n sel ect i ng a repl i ca. However ,  current  research shows that  other 
factors such as di sk I /O al so pl ays an i mportant  rol e i n f i l e transfer. In this paper,  we descri be a 
new opt i mi zat i on techni que that  consi ders both di sk throughput  and network l atenci es when 
sel ect i ng the best repl i ca. Previ ous hi story of  data t ransfer can hel p i n predi ct i ng the best si te that 
can hol d repl i ca.  The k-nearest  nei ghbor rul e i s one such predi ct i ve techni que.  In thi s techni que,  
when a new request  arri ves for best  repl i ca,  i t  l ooks at  al l  previ ous data to f i nd a subset  of  previ ous 
f i l e requests that are si mi l ar to i t  and uses them to predi ct  the best si te that can hol d repl i ca.  In thi s 
wor k,  we i mpl ement  and test  the k-nearest  al gori thm for vari ous f i l e access pat terns and compare 
resul ts wi th the t radi t i onal  repl i ca catal og based model .  The resul ts demonst rat e that  our model  
outperforms the t radi t i onal  model  for sequent i al  and uni tary random f i l e access requests. 
 
1.  I nt roduct i on 
  
   The research communi t y has recent l y recogni zed that  advances i n network bandwi dth,  processor 
speed and storage t echnol ogi es make trul y gl obal  shari ng of  di st ri buted resources feasi bl e.  Gri d 
comput i ng evol ves f rom the concept  of  i ntegrat i ng a col l ect i on of  di st ri buted comput i ng resources 
t o of f er perf ormance whi ch are unat tai nabl e by any si ngl e machi ne.  Gri d comput i ng al l ows 
coordi nated resource shari ng and probl em sol vi ng col l aborat i on i n dynami c,  mul t i- insti tut i onal  and 
other potent i al l y l arge-scal e sett i ngs [6] .  In a l arge amount of  sci ent i f i c di sci pl i nes such as gl obal  
cl i mate change,  hi gh energy physi cs and computat i onal  genomi cs,  l arge data col l ect i ons are 
emergi ng as i mportant  communi t y resources.  These l ar ge data stores must  be abl e to be shared wi th 
researchers around t he worl d.  Hi gh perf ormance Gri d archi tecture al l ows us to i dent i fy the 
requi rement s and component s common i n di f f erent  syst em and hence appl y di f f erent  t echnol ogi es 
i n a coordi nated fashi on to a range of  data i ntensi ve petabyte scal e appl i cat i on desi gned i n Gri d 
envi ronment .  As Gr i d technol ogy i s devel oped to share data across many organi zat i ons i n di f ferent  
geographi cal  l ocat i ons,  data repl i cat i on proves to be a good techni que that  hel ps to move dat a by 
cachi ng i t  cl oser to users [20]. The general  i dea of repl i cati on i s to store copi es of data i n di fferent 
l ocat i ons so that  data can be easi l y recovered i f  one copy at  one l ocat i on i s l ost .  Moreover, i f data 
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can be kept  cl oser to user vi a repl i cat i on,  data access performance can be i mproved dramat i cal l y.  
Repl i cat i on i s a sol ut i on to many grid-based appl i cat i ons such as Cl i mate data anal ysi s and the Gri d 
Physi cs Net work [24]  whi ch requi res responsi ve navi gat i on and mani pul at i on of l arge-scal e 
datasets. 
  
   I f  mul t i pl e repl i cas exi st ,  a repl i ca management servi ce i s requi red.  Repl i ca management  servi ce 
di scovers the avai l abl e repl i cas and sel ects the best repl i ca that mat ches the user' s qual i ty of servi ce 
requi rements.  The repl i ca sel ect i on probl em can be di vi ded i nto two sub-probl ems:  1) di scoveri ng 
the physi cal  l ocat i on(s) of  a f i l e gi ven a l ogi cal  f i l e name, and 2) sel ect i ng the best repl i ca f rom a 
set  based on some sel ect i on cri teri a.   
  
   Si nce di fferent si tes hold repl i cas of a parti cular fi l e, there i s a signi fi cant benefi t in sel ect i ng the 
best  repl i ca among t hem.  Net work perf ormance pl ays a maj or rol e when sel ect i ng a repl i ca.  A sl ow 
network l i mi ts the ef f i ci ency of  data t ransfer regardl ess of  cl i ent  and server i mpl ementat i on.  One 
opt i mi zat i on techni que to get the best repl i ca f rom di f ferent physi cal  l ocat i ons is by exami ni ng t he 
avai l abl e bandwi dt h between t he request i ng comput i ng el ement  and vari ous storage el ements t hat  
hol d repl i cas.  The best  si te wi l l  be the one that  has the mi ni mum t ransfer t i me to transport the 
repl i ca to requested si te.  Al though,  network bandwi dth pl ays a maj or rol e i n sel ect i ng the best 
repl i ca,  other source such as di sk I /O pl ays an i mportant  rol e as wel l .  Vazkhudai  et al . [29, 30] 
show that  di sk I /O can account  up for 30% of  the t ransfer t i me i n Gr i d envi ronment . It is also 
noteworthy t hat  di sk capaci ty i s i ncreasi ng at  the rate of  two magni tudes per decade but  the di sk 
throughput  i s not  i ncreasi ng correspondi ngl y.  I t  has been shown that  the rat i o between di sk 
capaci ty and di sk throughput i s i ncreasi ng onl y at  a si ngl e magni tude rate [17] .  On the other hand,  
network bandwi dth wi l l  i ncrease three t i mes per year.  As the network l atency drops si gni f i cant l y 
per year,  di sk I\O wi l l  pl ay a maj or rol e i n the f i l e transfer cost between di f ferent  si tes.  Therefore, 
i n thi s work,  t o measure Gr i d fi l e transfer time, we extend the opt i mi zat i on t echni que by 
consi der i ng di sk t hroughput  wi t h net work bandwi dt h when sel ect i ng the best repl i ca.  The 
opt i mi zat i on funct i on then returns the physi cal  f i l e name that  wi l l  opt i mi ze the current  network 
bandwi dt h bet ween t he request i ng si te and storage el ements whi l e consi deri ng the di sk throughput  
of the storage el ements.    
  
   In Gri d envi ronment ,  a repl i ca catal og al l ows users to register fi l es usi ng a l ogi cal  f i l ename(s) or 
col l ect i on(s).  I t  al so provi des mappi ngs f rom l ogi cal  names of  f i l es to the storage system l ocat i on 
of  one or more repl i cas of  these obj ects.  General l y the repl i ca l ocat i on servi ce i s central i zed.  
Therefore,  the request i ng si te must  wai t  whi l e al l  requests i n the repl i ca l ocat i on queue are 
processed.  Thi s may cause substant i al  del ays i f  there are a l ot of pendi ng requests. Further,  as many 
si tes hold the repl i ca, the request i ng si te must  f i nd the best  one by probi ng the net work l i nk and 
current state of di sk storage. We can save thi s t i me,  i f  we use the previ ous hi story of  fi l e transfers.  
Previ ous hi story somet i mes provi des some useful  i nformat i on such as the access f requency of  a 
f i l e,  the access pat tern between di f ferent  fi l e requests. If the requested fi l e or i ts nearby fi l e has 
been accessed recent l y,  say f rom storage si te x,  we know that i t  wi l l  be accessed from si te x agai n 
wi th a si gni f i cant probabi l i ty.  Therefore,  rather than get t i ng i nformat i on f rom  the repl i ca locat i on 
servi ce every t i me,  the comput i ng el ement  can di rect l y request  the f i l e f rom the previ ous requested 
storage si te.  To sel ect the best repl i ca l ocal l y,  we use a si mpl e techni que cal l ed the K-Nearest 
Nei ghbor (KNN) rul es [1].  KNN i s ext remel y si mpl e t o i mpl ement  and i t  i s a good choi ce as no 
resi dual  cl assi f i er needs to be bui l t  ahead of  t i me. The t radi t i onal  k-nearest cl assi f i er f i nds the k 
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nearest  nei ghbors based on some di stance met ri c by f i ndi ng the di stance of  the target  data poi nt  
f rom the t rai ni ng dataset  and then i dent i fyi ng the cl ass f rom those nearest  nei ghbors by some 
vot i ng mechani sm.  The general  st rategy for KNN i s to cl assi fy a new poi nt  as the maj ori t y of  the k-
nearest  poi nts have been cl assi f i ed.   
 
  The remi nder of  the paper i s organi zed as fol l ows. We gi ve a bri ef  i nt roduct i on of  Gri d 
Comput i ng and Gl obus Tool ki t  i n Sect i on 2.  We present  the rel ated work i n Sect i on 3.  The k-
nearest  rul e and archi tecture of  k-nearest  repl i ca sel ect i on are di scussed i n Sect i on 4. The 
si mul at i on setup i s descri bed i n Sect i on 5. An eval uat i on and compari son of  our techni que wi th the 
t radi t i on repl i ca catal og model  i s presented i n Sect i on 6.  In Sect i on 7,  we propose a possi bl e 
i mpl ement at i on of  our al gori t hm i n Gl obus Toolkit versi on 3.  Fi nal l y i n Sect i on 8,  we concl ude and 
gi ve di rect i ons for future work.   
 
2.  Gr i d Comput i ng and Gl obus Tool ki t  
 
   Over the l ast  few years,  "the Gri d" i n the context  of  resource shari ng i n di st ri buted envi ronments 
has gai ned a l ot  of  at tent i ons f rom the academi c,  government  and commerci al  researchers.  The t erm 
"Gri d" refers to systems and appl i cat i ons that  i ntegrate and manage resources and servi ces 
di st ri buted across mul t i pl e cont rol  domai ns [11].  The Gr i d can accommodat e very di verse resource 
types i ncl udi ng storage devi ces,  software,  databases,  obj ects,  CPU power,  f i l es and others across 
many organi zat i ons i n di f ferent  geographi cal  l ocat i ons.  Besi des Gr i d comput i ng ai ms t o provi de 
cont rol  of  resource shari ng and probl em-sol vi ng col l aborat i on wi th f l exi bi l i ty and securi ty.  The 
flexi bi l i t y al l ows dynami c membershi p of  a Gr i d i n whi ch Gri d components can j oi n and l eave at  
wi l l .  Gri d comput i ng provi des servi ces wi th very l arge scal e datasets and resource shari ng i n a 
gl obal  scal e wi th heterogeneous systems.  
 
   The Gl obus Tool ki t  [ 12, 13]  i s a communi t y based,  open-archi tecture,  open-source set  of  servi ces 
and sof tware l i brari es that  provi de the basi c bui l di ng bl ocks of  gri d-based appl i cat i ons and 
i nf rastructures.  The tool ki t  addresses i ssues of  securi ty,  i nformat i on di scovery,  resource 
management ,  dat a management  et c.  The Gl obus [23]  i s general l y recogni zed as the de f acto 
standard i n Gr i d comput i ng.  The maj or components of  the tool ki t  i ncl ude (1) The Gri d Securi t y 
Inf rast ructure (GSI ),  (2) Resource Management  Servi ces,  (3) Informat i on Servi ces and (4) Data 
Transfer Protocol ,  e.g.,  Gr i dFTP.  
 
   Gri d Securi ty Inf rast ructure (GSI ) [14]  i s the port i on of  the Gl obus Tool ki t  that  provi des the 
fundamental  securi t y servi ces needed to support  Gri ds.  The publ i c-key-based GSI  provi des si ngl e 
si gn-on authent i cat i on and communi cat i on protect i on.  The si ngl e-si gn-on authent i cat i on makes i t  
possi bl e to authent i cate a user j ust  onl y once and thus create a proxy credent i al  that  a program can 
use to authent i cate wi th any remote servi ce on the user' s behal f .  GSI  handl es the mappi ng of  the 
proxy cert i f i cate to the di verse l ocal  credent i al s and authent i cat i on/authori zat i on mechani sms that  
appl y at  each si te.  GSI  uses X.509 cert i f i cates [28],  a wi del y used for PKI cert i f i cates as the basi s 
of  user authent i cat i on.  GSI  def i nes and X.509 proxy cert i f i cate to l everage X.509 for support  of  
si ngl e si gn-on and del egat i on.  An X.509 cert i f i cate,  i n conj unct i on wi th an associ ated pri vate key 
forms a uni que credent i al  set  that  a Gr i d enti ty uses to authenti cate i tsel f to other Gr i d enti t i es. Each 
GSI  cert i f i cate i s i ssued by a t rusted party known as a Cert i f i cat i on Authori ty (CA).  The CA i s 
general l y run by a l arge organi zat i on or commerci al  company.  
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   Gl obus Tool ki t ' s Met a Comput i ng Di rect ory Servi ce (MDS) [ 9]  provi des a f ramework f or 
di scoveri ng and accessi ng i nformat i on about  the st ructure and state of  Gri d resources.  A resource 
obtai ns the i nformat i on about  other resources through GRIP (Gri d Resource Informat i on Protocol ).  
GRI P support s bot h di scovery and enqui ry.  Di scovery i s supported by searchi ng where as enqui ry 
corresponds to a di rect  l ookup of  i nformat i on.  For exampl e,  a servi ce provi der may provi de vari ous 
resources to other Gr i d ent i t i es.  A broker (or user) can make a search on provi der to obtai n a set  of  
resul ts that  roughl y match a gi ven cri teri a.  Af ter gett i ng the search resul t ,  the broker can query the 
provi der about  the resource descri pt i on and status.  Besi des,  i t  can al so make a subscri pt i on request  
to the provi der such that  resource update i nformat i on wi l l  be del i vered to i t  i n a peri odi c fashi on. A 
resource uses Gri d Resource Regi st rat i on Protocol  (GRRP) to not i fy other ent i t i es that  i t  i s a part  of  
Gri d.  GRRP i s a sof t -state [26]  protocol .  Soft-state i s i nformat i on that  t i mes out  and must  be 
peri odi cal l y refreshed. Thus, usi ng a sof t  state protocol  i s advantageous i n that  stal e i nformat i on 
does not need to be removed expl i ci t l y si nce i t  woul d t i me out eventual l y.  Besi des, i t  i s resi l i ent to 
fai l ure because a si ngl e l ost  message does not  cost  i rret ri evabl e harm.  
 
   Gr i d Resource Al l ocat i on and Management  (GRAM)  [10]  protocol  provi des rel i abl e,  secure 
remote creat i on and submi ssi on of  a computat i onal  request  t o a remote computat i onal  resource and 
subsequent  moni tori ng and cont rol  of  resul t i ng computat i on.   The GRAM API  provi des f unct i ons 
for submi t t i ng and cancel i ng a j ob or computat i onal  request .  When a j ob i s submi t ted a j ob handl e 
i s returned to the user.  The user can use thi s handl e l ater for moni tori ng and queryi ng the status of  
the j ob. There are three maj or  component s i n GRAM:  gat ekeeper ,  j ob manager  and GRAM 
Reporter.  The gatekeeper perf orms t he authent i cat i on between remote user and resource and 
determi nes a l ocal  user name for the remote user.  GSI  mechani sms are used for authent i cat i on and 
credent i al  del egat i on purpose.  The gatekeeper then starts the j ob manager whi ch actual l y handl es 
the request .  The j ob manager i s responsi bl e for start i ng the j ob on the resources and moni tori ng 
t hose whi l e execut i ng.  The GRAM Report er i s responsi bl e t o publ i sh t he i nformat i on about  the 
schedul er and state i nto MDS.  The state i ncl udes vari ous i nformat i on such as total  number of  
nodes,  current l y act i ve nodes,  queue wai t  t i me and so on.  A two-phase commi t  protocol  i s used for 
rel i abl e i nvocat i on based on techni ques used i n the Condor system [12]. 
 
   Gri dFTP i s a data t ransfer protocol  whi ch i s an extended versi on of  FTP to provi de secure,  
rel i abl e and ef fect i ve data t ransport  of  Gri d data [2] .   Gri dFTP support s GSI  and Kereberos 
authent i cat i on wi th user cont rol l ed sett i ng of vari ous l evel s of data i ntegri ty and confi denti al i ty. I t  
al so makes a thi rd party to i ni t i ate,  moni tor and control  f i l e t ransfer between two other si tes.  I t  
support s paral l el  data t ransfer t hrough FTP command extensi ons and data channel  extensi on.  
Moreover Gri dFTP can i ni t i ate stri pped data t ransfer as wel l  as i t  supports part i al  f i l e t ransfer 
between two si tes.  
 
3.  Rel at ed Work  
  
   Recent l y there has been a ri se of  i nterest  i n studyi ng and model i ng Gr i d envi ronment s.  Gr i dSi m 
[4] i s a Java-based di screte event  si mul ator that  supports model i ng and si mul at i on of  heterogeneous 
Gri d resources,  users and appl i cati on model s.  Ni mord-G [5]  i s a resource broker that  performs 
schedul i ng of  parameter sweep task- farmi ng appl i cat i ons on geographi cal l y di st ri buted model s. I t  
support s deadl i ne and budget  based schedul i ng dri ven by market-based economi c model s.  Gr i dSi m 
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si mul at es a Ni rmod-G l i ke Gr i d resource broker. It eval uates the performance of  deadl i ne and 
budget  const rai ned cost  and mi ni mi zat i on schedul i ng algor i t hms.  Though Gri dSi m support s 
schedul i ng of  j obs, i t does not  model  anythi ng rel ated to data repl i cat i on such as automated repl i ca 
creat i on and/or sel ecti on.  
   
   Kavi t ha et al . [19] proposed a strategy for creat i ng repl i cas automat i cal l y i n a generic 
decent ral i zed peer-to-peer net work. The goal  of  thei r model  i s to mai ntai n repl i ca avai l abi l ity wi th 
some probabil i st i c measure.   Thei r decent ral i zed model  has some advantages:  there i s no poi nt  of  
fai l ure and i t  does not  rel y on a central  moni tori ng scheme.   The di sadvant ages are: nodes take 
deci si ons on part i al  i nformat i on and somet i mes i t  may l ead to unnecessary repl i cati on.  
  
   Fost er  and Ranganat han [20]  di scuss vari ous repl i cat ion st rategi es. Al l  these repl i cat i on strategi es 
are tested on hi erarchi cal Gr i d archi tecture. The repl i cat i on al gori thms proposed are based on the 
assumpti on that popul ar f i l es of  one si te wi l l  be popul ar at  another si te.   The cl i ent  si te wi l l  count 
the number of  hops for each si te that  hol d repl i cas.  Accordi ng to the model ,  the best repl i ca wi l l  be 
one that i s the l east  number of  hops from the request i ng cl i ent .  Though thi s i s a si mpl e heuri st i c,  i t  
does not  consi der current  net work bandwi dt h. Furt her,  they assume that duri ng f i l e t ransfer 
between two si tes,  the l i nk i s busy and unabl e to transfer any other f i l e through that l i nk unti l  the 
t ransfer ends.   We do not  const rai n our model  i n thi s way so we  sel ect the best si te by opt i mi zi ng 
current  network bandwi dth and di sk t hroughput  Theref ore, our model  si mul ates the real  Gr i d fi le 
transfer as wel l  as al l ows other si tes to transfer fi les t hrough t he same l ink at  the same t i me but  wi th  
reduced perf ormance.  Our repl i cat i on al gori thm is used by Gr i d si tes when they need data l ocal l y 
and are based on both network at t r ibutes and data popul ari ty whi l e consi deri ng spat i al  and temporal  
local i ty.  
 
   Cher venak et al . [7] characteri ze the requi rements for a Repl i ca Locat i on Servi ce (RLS) and 
descri be a data Gr i d archi t ectural  f ramework,  Gi ggl e ( GI Ga-scal e Gl obal  Locat i on Engi ne),  wi thi n 
whi ch a wi de range of  RLSs can be def i ned.  An RLS i s composed of  t he Local  Repl i ca Catal og 
(RLC) and the Repl i ca Locat i on I ndex (RLI ).  The LRC maps l ogi cal  i dent i f i ers t o physi cal  
l ocat i ons and vi ce versa.  I t  peri odi cal l y sends out  i nformat i on to other RLSs about  i ts contents 
(mappi ng) vi a a sof t -st at e propagat i on method.  Col l ect i vel y,  t he LRCs provi de a compl ete and 
l ocal l y consi stent  record of  gl obal  repl i cas.  The RLI  contai ns a set  of  poi nters f rom l ogi cal  
i dent i f i er to LRC.  The RLS uses the RLIs to f i nd LRCs that  contai n requested repl i cas.  RLI  may 
cover a subset  of  LRCs or cover the ent i re set  of  LRCs.  
 
  Al l cock et al . [2]  devel oped a repl i ca management  servi ce usi ng the bui l di ng bl ocks of  Gl obus 
Tool ki t  descri bed above.   The Repl i ca Management  i nf rast ructure i ncl udes Repl i ca Catal og and 
Repl i ca Management  Servi ces for managi ng mul t i pl e copi es of  shared data sets.  The Repl i ca 
Catal og al l ows users to regi ster f i l es wi th a l ogi cal  f i l ename(s) or l ogi cal  col l ect i on(s).  I t  al so 
mai nt ai ns a mappi ng bet ween the l ogi cal  f i l ename to one or more physi cal  l ocat i ons.  I t  al l ows users 
and appl i cat i ons to query the catal og to f i nd al l  exi st i ng copi es of a part i cul ar f i l e or col l ect i on of 
f i l es.  The repl i ca catal og was i mpl emented as a Li ghtwei ght  Di rectory Access Prot ocol  (LDAP)  
[18] di rectory.  The management  servi ce however does not  i mpl ement  t he f ul l  repl i ca management  
funct i onal i ty and does not  enforce any repl i cat i on semant i cs.  I t  al so does not  provi de any repl i ca 
opt i mi zat i on or any other capabi l i t i es that  we foresee for the i mmedi ate future based on our readi ng 
of the l i terature 
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   In thi s paper, we i nt roduce a hi gher l evel  servi ce that  provi des ful l  dynami c repl i cat i on 
funct i onal i t y and i t  can use basi c repl i ca management  servi ces i mpl emented i n Gl obus to 
aut omat i cal l y create new repl i cas.  The server can sel ect  the best  one among repl i cas based on 
net work and st orage syst em perf ormance.  
 
4.  K-Nearest  Rul e i n Repl i ca Sel ect i on 
 
   We def i ne the repl i ca sel ect i on probl em i n thi s way:  f i nd the best  repl i ca that  wi ll mi ni mi ze the 
t ransfer t i me.  Thi s probl em may be consi dered as a cl assi f i cat i on probl em. Cl assi f i cat i on i s the 
process of  f i ndi ng a set  of  model s or funct i ons that  descri be and di st i ngui sh data cl asses or concepts 
f or purpose of  predi ct i ng the cl ass of  obj ect s whose cl ass l abel s are unknown.  Consi der each 
t rai ni ng sampl e has n at t ri butes:  A1, A2, …. . ,  An-1,  C,  where C i s the cl ass at t ri bute.  Now i f  a new 
data sampl e whose at t ri bute val ues for A1, A2, …. . ,  An-1 are known, whi l e the cl ass attri bute i s 
unknown, the cl assi f i cat i on model  predi cts the cl ass l abel  of  the new data sampl e usi ng the known 
val ues of  at tri bute val ues A1, A2, ………. ,  An-1.  When a new sampl e arr i ves,  K-Nearest cl assi f i er 
f i nds the k nei ghbors nearest  to the new sampl e i n the t rai ni ng space based on sui tabl e si mi l ari ty or 
cl oseness met ri c.  A common si mi l ari t y funct i on i s based on Eucl i di an di stance between two data 
sampl es.  For exampl e,  by consi deri ng at t ri butes other than cl ass l abel s and i f  P=<p1,p2,  ……,  pn-1> 
and Q=<q1,q2,  ……,  qn-1> are two data sampl es,  the Eucl i di an si mi l ari ty funct i on i s d(P,Q)= 

∑
−

=

−
1

1

2)(
n

i
ii qp .  Af ter f i ndi ng the k-nearest  sampl es based on the di stance met ri c,  the popul ari ty 

cl ass l abel  of those k sampl e data poi nts can be assi gned to the new sampl e as i ts cl ass.  If there is 
more t han one popul ar cl ass l abel ,  one of  them can be sel ected randoml y.  
 
   In our si mul ated Gri d envi ronment ,  each comput i ng si te mai ntai ns a hi story of  t ransfer when a 
f i l e has been requested and transported to that cl i ent .  The hi story i ncl udes t he t i mestamp when t he 
fi l e transfer ends, the fi l e i ndex of the logical  fi l e and the storage si te f rom whi ch the f i l e has been 
transferred. Each tupl e i n the hi story now i ncl udes three attri butes wi th the storage si te as the cl ass 
l abel . After suff i ci ent  number  of fi l e transfers, each cl i ent bui l ds a hi story that can be used as 
trai ni ng space for a new tupl e.  At thi s poi nt ,  when a new fi l e request arri ves, rather than f i ndi ng the 
i nformati on from the repl i ca catal og i t  f i nds the best si te from the previ ous hi story of f i l e transfer. 
The cl i ent  det ermi nes the popul ari ty of  the class label , i .e.,  storage si te for k sampl e data poi nts 
based on the di stance met ri c wi th respect  to two at t ri butes: t i mestamp and f i l e i ndex.  We use a 

wei ght ed di st ance met ri c d(P, Q)= ∑
−

=

−
1

1

2)(
n

i
iii qpw ,  where wi  represents the wei ght  assi gned  

each attri bute. As t i mest amp are recorded to the mi l l i seconds,  we set  w1 to a f ract i onal  val ue and w2 

to uni t value. Fi l e requests contai n temporal  l ocal i ty,  therefore, f i l e i ndex i n di stance measure wi l l  
def i ni tel y i mprove the cl assi f i cat i on rate.  For exampl e,  l et  us consi der two sampl e poi nts P1=<p11, 
p12,  S1> P2=<p21, p22,  S2> and a new sampl e poi nt  P3=<p31, p32,  ?> whose cl ass l abel  i s unknown.  
Suppose p21> p11,  that is P2 tuple has a recent  t ransfer l og than P1, and P3 has the same f i l e i ndex 
as P1, i.e., p32= p12  but di f f ers f rom P2 by one i ndex number,  i.e., p32= p22+1.  Now as the f i l e 
contai ns temporal  l ocal i ty,  we can say that i f  a l ogi cal  f i l e wi th i ndex p22 i s stored at site S2, the 
other fi l e nearby i ts i ndex say p22+1 i s al so stored at si te S2. Moreover,  recent  hi story shows that  S2 
i s the best si te to find a repl i ca by consi deri ng current  network and di sk i nformat i on.  Therefore,  the 
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recent  hi story and temporal  l ocal i ty votes for si te S2 rather than S1 al t hough S1 is the si te from 
whi ch the request i ng f i l e was t ransferred previ ousl y.  
 
   The execut i on of  a comput i ng el ement  i s i l l ustrated i n Fi gure 1.  The f l ow shows that i f a 
comput i ng el ement  has suff i ci ent history, i t fi nds the best si te usi ng the k-nearest  rul e, otherwi se i t  
contacts the repl i ca catal og to fi nd al l  fi l e repl i cas. Ini t i al l y,  each comput i ng el ement  gets 
i nformat i on f rom the repl i ca catal og and pi cks the best  one that  opt i mi zes the transfer t i me 
consi deri ng current  network and di sk state. When each si t e has enough transfer hi story, i t requests 
the best si te by usi ng the KNN rul e.  If  the si te found by the k-nearest rul e has been del eted by thi s 
t i me because of  i nsuff i ci ent di sk space or another f i l e’ s popul ari ty exceeds than the request i ng one,  
t he comput i ng el ement  cont acts the repl i ca catal og to fi nd other avai l able repl i cas for that f i l e. It 
wi l l  pi ck the best  one to opt i mi ze the t ransfer t i me. 

.

Get  The Job Fr om
Job Queue

Get  t he  next
l ogi cal  f i l ename

f rom j ob
descr i pt i on

Do I  have
enough hi st or y

of  l og ?

Yes

Fi nd t he best  si t e
by usi ng K-

nerarest  Rul e

Check i f  t he
si te st i l l  hol d
t he repl i ca?

Yes

Transf er t he f i l e
f orm t hat  si t e and
save t hi s t ransf er
i nf ormat i on i n l og

Cont act  Repl i ca
Cat al og

Fi nd repl i cas of  f i l e

Choose t he best
one

Transf er  f rom t he
best  si t e and save

thi s t ransfer
i nf ormat i on i n l og

I ncr ease t he
l og count

I ncrease t he
l og count

No

No

 
 

Fi gure 1:  Execut i on Fl ows of  a Comput i ng El ement .  
 
5.  Si mul at i on  
 
   To eval uat e our approach we use a si mul at i on package cal l ed Opt orSi m [22], wri tten i n Java.  
Opt or Si m i s a Data Gri d si mul ator desi gned to al l ow experi ments and eval uat i ons of  vari ous 
repl i cat i on opt i mi zat i on st rategi es in a Gr i d envi ronment . 
 
 
 
 
5. 1 Archi t ect ure 
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  The si mul ator i s desi gned assumi ng that  Gr i d consi sts of  a number of  si tes,  each consi st i ng of zero 
or more comput i ng el ement s and zero or more st orage el ement s.  The comput i ng el ement s provi de 
comput at i onal  resource and the storage el ements serve as data storage resources for submi t ted j obs.  
Si tes wi thout  storage or comput i ng el ements act  as routers. A resource broker act s as a meta-
schedul er that  control s j ob schedul i ng to di f f erent  comput i ng el ements.  A j ob i n Opt orSi m must  
access a set of f i l es whi ch may be l ocated at di f ferent storage si tes. To get  the physi cal  l ocat i ons of  
a l ogi cal  f i l e,  each comput i ng el ement  consul ts wi th the repl i ca management  servi ce.  Af ter get t i ng 
i nformat i on f rom the repl i ca catalog,  the repl i ca management  servi ce returns the locat i ons of  the 
physi cal  f i l es for the requested l ogi cal  f i l e to the comput i ng el ement .  
 
   I n Opt orSi m,  the opt i mi zat i on techni que used to get the best repl i ca f rom di f ferent  physi cal  
l ocat i ons is by exami ni ng t he avai l abl e bandwi dt h bet ween t he request i ng comput i ng el ement  and 
vari ous storage el ements that  hol d repl i cas.  The opt i mi zat i on techni que does not consi der the di sk 
state when fi ndi ng the best repl i ca. The best  repl i ca wi l l  be the one that  has the mi ni mum t ransf er 
t i me wi th respect  to current  network state.  We ext end t he opt i mi zat i on techni que by consi deri ng 
di sk t hroughput  al ong wi t h net work bandwi dt h to f i nd the best repl i ca because f i l e transfer t i me 
i ncl udes both network t i me and di sk I /O t i me.  
 

5. 2 Gri d I nt ernal s 
 

Opt or Si mMai n St or ageEl ement
Repl i ca

Mangager
Resour ceBr oker

Comput i ng
El ement

Job pf n1: PFN pf n1: PFN

i ni t St orageEl ement s( )
: Di st r i but e Mast er

Fi l es
rm. Regi st ryEnt ry(l f n,  pf n):
Regi st er mast er f i l es i n

Repl i ca Cat al og

rb.start()
St ar t  t he Resource

Br oker

get AccessCost s(
LFN[ ] ,CE[ ] . . . . )

accessCost [ ]

schedul Job( )  :  Schdul e
t he j ob i n best  CE

st ar t Job()

get Best Fi l e(LFN_1,  LFN_2, . . . . )

best PFN1,  best PFN2, . . . .

read( )

read( )

j obCompl et i on

rm. repl i cat eFi l e(l f n, source,  dest ):
 copy and repl i cat e f i l e t o l ocal  SE and
regi st er i nf ormat i on i n repl i ca cat al og

rm. repl i cat eFi l e(l f n, source,  dest ):
 copy and repl i cat e f i l e t o l ocal  SE and
regi st er i nf ormat i on i n repl i ca cat al og

 
 

Fi gure 2:  Typi cal  i nteract i on occurri ng i n the Optorsi m 
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Fi gure 2 depi ct s a t ypi cal  i nteract i on between vari ous components i n OptorSi m.  OptorSi mMai n i s 
the entry poi nt  of  the si mul ator.   

•  1tt = :  OptorSi mMai n i ni t i al i zes the storage el ements and di st ri butes the master f i l es 
among di f ferent storage si tes as speci f i ed i n the conf i gurat i on f i l e.   

•  2tt = :   Storage el ements regi ster those master f i l es i n the repl i ca catal og.  

•  3tt = :  OptorSi mMai n start s the resource broker.  

•  4tt = :  The resource broker cal l s getAccessCosts([ LFN1. .LFNN] ,  CE[ ] ,  …) t o get  t he 
mi ni mum access costs for al l  candi date CEs wi th respect  to physi cal  l ocat i ons of  the 
data.  The i nformat i on i s used to determi ne the best  CE for j ob execut i on.  

•  5tt = :  The resource broker schedul es the j ob to the best  cl i ent .  

•  6tt = : The j ob starts. 

•  7tt = :  The j ob cal l s getBestFi l e([ LFN1,  LFN2] ,  …) to determi ne the best  physi cal  

l ocat i ons of  l ogi cal  f i l es consi deri ng current  network and di sk state.  
•  118...ttt = :  Whi l e readi ng the f i l es f rom other storage si tes,  the CE makes a repl i ca of  

each f i l e to i ts own storage and regi sters thi s i nformat i on i nto repl i ca catal og.  
 
Resour ce Br oker Repl i ca Opt i mi ser Repl i ca Cat al og Di skCl i entNet wor kCl i ent Comput ng El ement

get AccessCost ( LFN[ ] ,
CE[ ] ,  prot ocol )

rm. l i srepl i cas(LFN1)

rm. l i srepl i cas(LFN2)

PFN_1[ ]

PFN_2[ ]

get Net workCost s(  soruceSi t e of  PFN_1[ ] ,   dest Si t e,
PFN_1_si ze)

get Net workCost s(  soruceSi t e of  PFN_2[ ] ,   dest Si t e,
PFN_2_si ze)

net workcost [ ]

net workcost [ ]

get Di skCost s( sour ceSi t e of  PFN_1[ ] ,  PFN_1_si ze)

get Di skCost s( sour ceSi t e of  PFN_2[ ] ,  PFN_2_si ze)

di skCost [ ]

di skCost [ ]

accessCost [ ]

schedul eJob( )

 
  

Fi gure 3:  Internal  behavi or of  the Repl i ca Manager 
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Fi gure 3 shows the sequence of  events that  happen when the resource broker cal l s the funct i on 
get AccessCost s().  

•  1,4tt = :  Repl i ca Manager’ s l i st repl i ca() method i s cal l ed to f i nd the physi cal  l ocat i ons of  the 

l ogi cal  f i l es.  A number of  physi cal  f i l enames (PFN) wi l l  be found for a l ogi cal  f i l ename 
( LFN)  

•  2,4tt = :  Network cost  i s est i mated for each si te that  hol ds a PFN correspondi ng t o LFN.  

•  3,4tt = :  The di sk cost  wi l l  be est i mated for get t i ng PFN f rom storage si te.  

•  4,4tt = :  The access cost  for each CE are cal cul ated based on the val ues returned by 

get Net workCost s() and get Di skCost s().  
 
5.3 Gr i d Conf i gurat i on 
  
   The st udy of  our opt i mi zat i on al gori t hm and K-Nearest  repl i ca sel ect i on al gori thm was carri ed 
out  usi ng a model  of  the EU Dat a Gr i d Test bed 1 [3] si tes and thei r associ ated network geometry.  
Si te 8 i s consi dered as CERN (European Organi zat i on f or Nucl ear Research ). A master f i l e 
contai ns the ori gi nal  copy of  some data sampl es and can not  be del eted.  
 
   Each ci rcl e i n Fi gure 2 represents a Testbed si te and a star represents a router.  Each l i nk between 
two si tes shows the avai l abl e network bandwi dth.  The network bandwi dth i s expressed i n Mbi t s/ sec 
(M) or Gbi t s/sec (G).  The storage space and the di sk throughput  are al so shown i n braces.  For 
exampl e,  Fi gure 2 shows that  Si t e 0 has 80 Gi gaByte (GB) storage capaci t y wi t h a di sk t hroughput 
260 M ( Megabi ts/sec). 

Si t e  0

Si t e  16
Si t e  17

Si te  3

Si te  4

Si t e  5

Si te  6

Si t e  7
Si te  8

Si t e  11

Si te  9

Si t e  12

Si t e  13

Si t e  14

Si t e  15

Si t e  2

Si t e  1

Si t e  10

2. 5 G
2. 5 G 10 G 155 M

2. 5 G
622 M

155 M

2. 5 G

10 G

10 G

2. 5 G

10 G

155 M

1 G

10 G

10 G

10 G 45 M

155 M45 M

10 M

( 80 GB,  260 M)
( 50 GB,  250 M)

( 70 GB,  240 M)

( 50 GB,  300 M)
( 100 TB,  100 M )

( 50 GB,  200 M)

( 50 GB,  150 M)

( 30 GB,  160 M)

( 30 GB,  170 M)

(63 GB,  320 M)

( 33 GB,  250 M)

 
Fi gure 4:  The EU Data Gri d Testbed 1 si t es and t he approxi mate network and di sk geomet ry. 
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 5.4 Si mul at i on I nput  
 

   Our program gets i nput  f rom three conf i gurat i on f i l es.  One f i l e descri bes the network topol ogy,  
i.e., the l i nk between di f ferent  si tes,  the avai l abl e network bandwi dth between si tes,  the si ze of  di sk 
storage of  each si te and the di sk throughput  of  the di sk storage.  The second conf i gurat i on f i l e 
contai ns i nformat i on about  si mul ated j obs and the name of  l ogi cal  f i l es whi ch the j ob needs to 
access whi l e execut i ng.  I t  al so contai ns the i ndex of each l ogi cal  f i l e and the schedul e tabl e for each 
comput i ng el ement ,  i .e., whi ch j obs each comput i ng el ement  wi l l  run.  The thi rd conf i gurat i on f i l e 
ini ti al i zes di f ferent  parameters for runni ng the si mul at i on.  These parameters may i ncl ude 
i nformat i on such as total  number of  j obs to be run,  f i l e processi ng t i me, del ay between each j ob 
submi ssi on,  maxi mum queue si ze i n each comput i ng el ement ,  f i l e access pat tern,  the opt i mi zat i on 
al gori t hm used and so on.  

 

As ment i oned above,  a j ob wi l l  typi cal l y request  a set  of  l ogi cal  f i l ename for data access.  The 
order i n whi ch the f i l es are requested i s determi ned by access pat tern.  In thi s si mul at i on we 
exper i ment ed wi th four access patterns: sequent i al  (f i l es are accessed i n the order that has been 
stated i n the j ob confi gurati on f i l e), r andom (f i l es are accessed usi ng f l at  random di stri but i on),  
uni t ary random (f i l e requests are one el ement  away f rom previ ous f i l e request but the di rect i on wi l l  
be random),  Gaussi an random wal k (f i l es are accessed usi ng a Gaussi an di stri but i on).  Those f i l e 
access pat terns are shown i n Fi gure 5. 
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                                                 Fi gure 5: Var i ous Fi l e Access Pat terns 
6.  Si mul at i on Resul t s 
 
   Our si mul at i ons are run for 200 j obs of  vari ous types.  Each j ob requests f i l e of  di f ferent  si zes.  We 
experi mented wi th di f f erent  f i l e t ransfers start i ng f rom 10 MB (Mega Bytes) up t o 1 GB (1 Gi ga 
Bytes).  The j obs are submi t ted wi th a f i xed probabi l i t y such that  some j obs are more popul ar than 
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others.  Each j ob i s submi t ted at  25 mi l l i seconds i nterval .  Ti me taken for compl et i ng a j ob i s 
equi val ent  to the wai t i ng t i me i n the queue i n the comput i ng el ement  and the execut i on t i me at  
comput i ng el ement .  Ti me for probi ng network bandwi dth and di sk state i s consi dered 10 
mi l li seconds.  Our schedul i ng al gori thm takes i nto account  both l ocal i t y of  f i l es requested by j obs 
and comput i ng el ement  l oads.  The cal cul at i on of  the f i l e accessi ng cost  is i mpl emented by t he 
getAccessCosts() method descri bed i n the previ ous sect i on.  For each comput i ng el ement  that  i s 
candi date for schedul i ng,  the resource broker cal l s the getAccessCosts() method wi th a l i st  of  f i l es 
requi red for the j ob.  The funct i on consul ts wi th the repl i ca catal og to f i nd al l  the repl i cas of each 
f i l e,  then cal cul ates the t i me to access each repl i ca f rom the gi ve comput i ng el ement  by exami ni ng 
the current  network and di sk state.  By summi ng the t i mes to access cost  to access the best  repl i ca of 
each f i l e,  getAccessCosts() returns the est i mated f i l e access t i me the j ob woul d have i f  schedul ed to 
the comput i ng el ement .  The schedul i ng al gori t hm schedul es a j ob to the comput i ng el ement  t hat  
has the mi ni mum access cost .  We use a si mpl e repl i cat i on approach cal l ed LRU (Least  Recent l y 
Used)  for repl i ca creat i on.  In thi s techni que,  each comput i ng el ement  stores a repl i ca of the fi le that 
i t  has requested i nto i ts l ocal  storage el ement.  I f  the storage el ement has suff i ci ent space the fi le 
wi l l  be stored there. Ot herwi se t he storage el ement  makes space for the newest  f i l e by del et i ng the 
l east recentl y used fi le(s). Ini ti al l y each si te bui l ds a hi story of 50 ini tial  fi le transfers. We choose 
50 as an arbi t rary val ue to see how i t  ef fects on the perf ormance of  our al gori t hm.  In the KNN 
approach each comput i ng el ement  f i nds the best  one by the k-nearest  rul e rather than request i ng the 
repl i ca catal og.  For the sequent i al  access pat tern,  there i s a l i near dependence of  f i l e access 
patterns. So, i t wi l l  be more i ntui t i ve to use a smal l  val ue of  k for sequent i al  access pat tern because 
l arge val ue of k wi l l  cause other non nearby nei ghbors to vote and decreases the performance of  the 
al gor i t hm.  The remai ni ng access pat t erns contai n randomness so we shoul d use a value that i s 
nei ther very l arge nor smal l .  Therefore, we choose the val ue of  k=2 for sequent i al  access pat tern 
and k=5 for other access pat terns. We al so vary the val ue of  k for some i ni t i al  run i n our si mul at ion 
and we get  the hi ghest  accuracy when we take k=2 for sequent i al  pat tern and k=5 for other access 
patterns. Recal l  that  each si te wi l l  be runni ng a varyi ng number of  j obs such that  some si t e may run 
onl y a few j obs that resul t i n onl y a few f i l e t ransfers.  In our experi ment,  every si te except Si te 13 
and Si te 15 are l oaded wi th j obs whi ch request  more than 50 t ransfers.  Therefore,  we wi l l  not  
i ncl ude Si te 13 and Si te 15 in our  anal ysi s.  
 
   Fi gure 6 documents the performance of  our KNN al gori thm and the t radi t i onal  repl i ca catal og 
model  wi t h respect to total  j ob t i mes. In thi s case al l  master f i l es are i n CERN (Si te 8).  For the 
sequent i al  and Uni tary Random access pat tern,  our enhanced al gori t hm outperforms the t radi t i onal  
model .  As the f i l e wi l l  be accessed i n the order speci f i ed i n the j ob conf i gurat i on f i l e for sequenti al  
requests, i.e. f i l e access pat terns are sequent i al ,  the KNN rul e wi l l  f i nd a recent  t ransfer hi story of  
nei ghbor(s) of  a requested f i l e.  The same argument  can be made for Uni t ary Random access pat t ern 
because new f i l e requests wi l l  be one el ement  away f rom previ ous request  but  the di rect i on wi l l  be 
random.   However,  we do not  see much i mprovement  i n t he Uni f orm and Gaussi an Random f i l e 
access pat tern.  Thi s i s because for those pat terns f i l es are accessed wi thout  any rel at i on of  previ ous 
requests and the same f i l e can be requested mul t i pl e t i mes l eavi ng some f i l es unaccessed.  
Therefore,  though f rom previ ous hi story,  KNN votes for a si te x that  can hol d a repl i ca of  the newl y 
requested f i l e y:  si te x may never t ransfer y f rom CERN (Si te 8) so i t  does not hol d any repl i ca for 
that  f i l e.  However,  thi s wi l l  not  happen for sequent i al  f i l e access pat terns because a j ob wi l l  request  
f i l es one after another and the si te that runs that j ob creates repl i cas of al l  f i l es needed to run the 
j ob.  
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Fi gure 6:  Compari son of Tot al  Job Ti mes f or K-Nearest  Rul e and Tradi t i onal  Model 
 
Sequent i al  Si t e Mat ch Mi smat ch Random Si t e Mat ch Mi smat ch 

Si t e 0 314 3 Si t e 0 281 36 
Si t e 3 100 6 Si t e 3 93 13 

Si t e 7 1508 3 Si t e 7 1471 40 

Si t e 11 133 0 Si t e 11 132 1 
Si t e 12 50 6 Si t e 12 47 9 

Si t e 14 6 2 Si t e 14 7 1 

Si t e 16 191 2 Si t e 16 186 7 
 Si t e 17 238 0  Si t e 17 234 4 

Uni t ar y Si t e Mat ch Mi smat ch Gaussi an Si t e Mat ch Mi smat ch 

Si t e 0 286 31 Si t e 0 275 42 
Si t e 3 96 10 Si t e 3 93 13 

Si t e 7 1461 50 Si t e 7 1462 49 

Si t e 11 131 2 Si t e 11 132 1 
Si t e 12 50 6 Si t e 12 47 9 

Si t e 14 6 2 Si t e 14 6 2 

Si t e 16 168 25 Si t e 16 182 11 
 Si t e 17 231 7  Si t e 17 226 12 

 
Tabl e 1:  Cl assi f i cat i on and Mi scl assi f i cat i on Rate for Di f ferent  Fi l e Access Pat tern 
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   Tabl e 1 presents the cl assi f i cat i on accuracy of  the KNN rul e for vari ous f i l e access pat terns when 
al l  f i l es are di stri buted i n the CERN. I f  the KNN rul e returns the same si te as returned by the 
tradi t i onal  repl i ca model , the f i l e transfer i s cl assi f i ed as matched; otherwi se i t  i s cl assi f i ed as 
mi smatched.  We see that  for sequent i al  access pat tern the accuracy i s hi ghest  whereas for the 
Gaussi an Random access pat tern the accuracy i s the l owest .  Thi s resul t  al so compl i es wi th Fi gure 
6.  There i s a st rong correl at i on between accuracy and j ob throughput  as one woul d expect  
i ntui t i vel y. 
 
  Tabl e 1 and Fi gure 6 contai n some di screpanci es. For exampl e,  we see that  f or Si t e 16,  KNN 
mi scl assi f i es 11 and 25 fi le transfers in Gaussi an access pat tern and Uni tary Random access 
pat tern, respect i vel y. However ,  Fi gure 6 shows a bet ter throughput  i n Uni tary Random access 
pat tern than Gaussi an access pat tern.  Thi s is because in the Gaussi an access pat tern, KNN makes a 
mi scl assi f i cat i on for a large fi le transfer, e.g., 1 GB whereas i n Uni tary access pattern i t 
mi smat ches wi t h the tradi t i onal  model  for onl y smal l  f i l e t ransfers e.g., 10 MB transfers. The 
mi scl assi f i cati on for l arge f i l e transfer cost s more than a coupl e of  smal l  f i l e t ransfer 
mi scl assi f i cat i ons.  
 

 
(a) (b) 

Fi gure 7:  a) Mean j ob t i me when CERN hol ds master f i l es b) Mean j ob t i me when di f ferent 
si tes hol d master f i l es. 
 
   Fi gure 7 shows t he compari son of  mean j ob t i me bet ween t wo met hods,  when mast er fi les are 
di stri buted r andoml y and when master f i l es are di st ri buted to the Si te 8 (CERN).  I f  CERN hol ds the 
master f i l es al one, al l  other si tes have to transfer f i l es from CERN and i t  generat es a huge amount  
of net work t raf f i c at  CERN.  Moreover,  each si te has to t ransport  f i l e f rom CERN’ s storage el ement ,  
therefore, the di sk storage at  CERN wi l l  be busy for di sk I /O and it wi l l  i ncrease the response t i me.  
However ,  if the master f i l es are di stri buted to di f ferent si tes, a si te can transfer f i l es from vari ous 
l ocat i ons rather than f rom a si ngl e l ocat i on. As a resul t  i t  reduces both network t raf f i c and di sk I /O 
t i me. Therefore,  we get  a bet ter mean j ob t i me when master f i l es are di st ri buted randoml y.  
However ,  in both cases,  we see t hat  our KNN al gori t hm has bett er mean j ob t i me compared t o 
t radi t i onal  model  for vari ous access pat terns except  Gaussi an pat tern.  
 
   Tabl e 2 represents a compari son of  accuracy of  our KNN al gori thm wi th respect  to t radi t i onal  
model  for di f ferent  di st ri but i on met hods of master f i l es. The overal l  accuracy of  our KNN 
al gori thm i s 97% when master fi l es are di stri buted i n random si tes and we get  96% accuracy when 
di st r i but ed i n CERN al one.  
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Sequent i al  
Mast er  Fi l e 
Di st r i but i on Mat ch Mi smat ch Random 

Mast er  Fi l e 
Di st r i but i on Mat ch Mi smat ch 

Random 2539 23 Random 2368 194 
 CERN 2540 22  CERN 2451 111 

Uni t ar y 
Mast er  Fi l e 
Di st r i but i on Mat ch Mi smat ch Gaussi an 

Mast er  Fi l e 
Di st r i but i on Mat ch Mi smat ch 

Random 2524 38 Random 2468 94 
 CERN 2429 133  CERN 2423 139 

 
Tabl e 2:  Compar i son of  Accuracy 

 
7.  Possi bl e I mpl ement at i on i n GT3 
 
   Gl obus Tool ki t  versi on 3 (GT3) i s the i mpl ementat i on of  the Open Gri d Servi ces Archi tecture 
( OGSA)  [15],  an i ni t i at i ve that  i s recast i ng Gri d concepts wi thi n a servi ce ori ented f ramework 
based on Web Servi ces.  Web Servi ce i s a pl at form and i mpl ementat i on i ndependent  sof tware 
component  that  can be di scovered,  combi ned,  and recombi ned to provi de a sol ut i on to the user’ s 
probl em.  The Java and XML are t he promi nent  t echnol ogi es f or Web Servi ces.  Web servi ce has 
several  advantages:  servi ce provi ders can publ i sh detai l ed descri pt i on of  thei r funct i onal i t i es 
through web servi ces,  servi ces can be easi l y di scovered through a standard mechani sm,  i t  supports 
di f f erent  prot ocol  bi ndi ngs such as HTTP and SOAP and web servi ce can be easi l y i ncorporated 
i nto or composed wi th other servi ces.  However,  web servi ce has di sadvantages too:  i t  i s statel ess 
and non-transient. Gri d servi ce,  an extensi on of  web servi ce sol ves t he probl ems of  Web Servi ces 
by a factory approach. Gri d servi ces al so provi de some necessary tool s such as cal l  back funct i ons 
to ef fect i vel y manage l i fecycl e and servi ce data el ements for descri bi ng i ts servi ce.  Besi des,  Gri d 
servi ces support  not i f i cat i on pol i cy to not i fy the changes to subscri bed cl i ents. OGSA def i nes a 
common and standard archi t ecture f or computat i onal  and storage resources,  network programs and 
databases.  It def i nes the Gr i d servi ces whi ch are the center of thi s archi tecture. Open Gr i d Servi ce 
Infrastructure (OGSI ) [15] i s a formal  and techni cal  specif i cat i ons of  the concepts descri bed i n 
OGSA i ncl udi ng Gr i d servi ces. GT3 i s a sof tware tool  that  al l ows us to program i n Gr i d based 
appl i cat i ons.  
 
   Fi gure 8 depi ct s a possi bl e i mpl ementat i on of  our al gori t hm i n GT3.  We propose Condor-G [16]  
as resource broker or meta-schedul er of  our al gori thm.  A user wi l l  submi t  hi s request  for runni ng 
j obs t o Condor-G schedul er.  The request  wi l l  i ncl ude a l i st  of  j obs.  Each j ob i s descri bed by a set  of  
f i l es that  are requi red to run that  j ob.  The Condor-G schedul er creat es a new Gr i dManager  daemon 
to submi t  and manage those j obs.  The Gri dManager process wi l l  handl e al l  j obs for a si ngl e user 
and termi nate when al l  j obs wi l l  be f i ni shed.  The Gri dManager process requi res the funct i onal i t y of  
t he Repl i ca Management  Servi ce,  i n part i cul ar the opt i mi zat i on funct i ons i n order to determi ne the 
best  comput i ng el ement  on whi ch t o schedul e a j ob.  Repl i ca Management  Servi ce (RMS) f act ory 
provi des such servi ce t o Gri dManagger i n our al gori t hm.  RMS f act ory creat es a RMS i nst ance t hat  
wi l l  contact the Repl i ca Catal og to f i nd the physi cal  l ocat i ons of l ogi cal  f i l es requi red to run the 
j ob.  I t  wi l l  then ask the Repl i ca Sel ect i on Servi ce to f i nd the best  si te for host i ng the current  j ob by 
consi deri ng current  network and di sk state.  Network Weat her  Servi ce (NWS) [ 32] wi l l  be used to 
sense net work bandwi dt h and I OSTAT [ 27]  f or di sk st at e.  
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Fi gure 8:  A possi bl e i mpl ementat i on of  our al gori t hm i n GT3 
 

    Get t i ng the resul t  f rom RMS factory,  t he Gri dManager hosts the j ob to the best si te through 
Gl obusGateKeeper.  Next ,  t he Gl obus JobManager submi t s t he j ob to t he execut i on si t e’ s l ocal  
schedul i ng system. I t  i s ment i oned before that  a set  of  f i l es are requi red to run a j ob.  The 
i nformat i on about  physi cal  l ocat i ons of  l ogi cal  f i l es can be found f rom Repl i ca Catal og.  Therefore,  
each si te wi l l  contact  the RMS factory to f i nd the physi cal  l ocat i ons of the f i l es that are needed to 
run the j ob. If the fi l es are i n current si te, the j ob wi l l  access fi l es from l ocal  storage. Otherwi se, i t  
wi l l  f i nd the best  si te host i ng repl i ca(s) by queryi ng the Repl i ca Sel ect i on Servi ce i n the same way 
as descri bed above.  Next ,  the f i l e(s) wi l l  be t ransferred f rom the best  si te by Gri dFTP.   Each si te 
creates a new repl i ca of the f i l e that it transfers from other si te i nto l ocal  storage. Then each si te 
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regi sters the new repl i ca i n Repl i ca Catal og.  Besi des, each si te updates i ts transfer l og ref l ect i ng the 
current  f i l e t ransfer.  The t ransfer l og wi l l  be used as t rai ni ng space of  our KNN al gori t hm when 
each si te has a suff i ci ent hi story of fi l e transfers. Updates on j ob status are sent  by the JobManager 
back to the Gri dManger,  whi ch then updates the Schedul er where the j ob status wi l l  be stored 
persi stent l y. 
 
   A GSI  proxy credent i al  i s used by t he Condor-G agent  to authent i cate wi th remote resources on 
the user’ s behal f .  To reduce the user hassl e i n deal i ng wi th expi red credent i al s,  Condor-G coul d be 
enhanced wi t h a syst em l i ke MyProxy [25] .   The i nf ormat i on about  Repl i ca Management  Servi ce 
can be f ound f rom MDS.  We have a pl an t o devel op Repl i ca Management  Servi ce and Repl i ca 
Sel ect i on Servi ce (RSS) as Gri d Servi ce.   We wi l l  use the Gl obus Tool ki t ’ s Repl i ca Catal og [2]  
component  for i ndexi ng l ogi cal  f i l e to physi cal  l ocat i ons and vi ce versa.  The Gri dManager or a 
comput i ng si t e connects t o t he RMS factory by Gri d Servi ce Handl e (GSH) and l ogi cal  f i l ename 
(s). The RMS and RSS gri d servi ce i nterface wi l l  be wri t t en i n WSDL (Web Servi ce Descr i pt i on 
Language)  [8].  I t  can be al so generated f rom a Java i nterface. For Gri d servi ce i mpl ementat i on,  
j ava cl asses wi l l  be used.  These Java cl asses provi de i mpl ementat i on of  methods that  are speci f i ed 
i n t he servi ce i nterf ace.  The depl oyment  descri ptor wi l l  be wri t t en i n WSDD (Web Servi ce 
Depl oyment  Descr i pt or ). WSDD tel l s the web server how i t  shoul d publ i sh the RMS and RSS 
servi ce. 
 
8. Concl usi on and Fut ure Work 
 
   In thi s paper,  we presented a model  that ut i l i zes a si mpl e data-mi ni ng approach cal l ed the k-
nearest  rul e to sel ect  the best  repl i ca f rom a number of si tes that hol d repl i cas. To sel ect the best 
repl i ca we desi gned an opt i mi zat i on techni que that  consi ders network l atency and di sk state. We 
studi ed di f ferent  f i l e access pat terns on the performance of  the k-nearest  model  and compared our 
resul ts wi th tradi t i onal  al gori thm.  Our k-nearest  rul e shows a si gni f i cant  perf ormance i mprovement  
for sequent i al  and uni tary random file access pat tern.   
 
   As part  of  future work, we pl an to desi gn an adapt i ve k-nearest  nei ghbor al gori t hm so that i t can 
swi tch to t radi t i onal  model  when i t  encounters mi scl assi f i cat i on wi th t radi t i onal  model  for 
consecuti ve f i l e transfers. Furt her, rather than usi ng the fi xed val ue of  k,  we can use an adapt i ve 
val ue of  k that  wi l l  change dynami cal l y as the si mul at i on runs to i mprove per f ormance 
dynami cal l y.  Moreover,  before maki ng a deci si on about the best  si te for l arge fi l e transfers each 
site can veri fy the best  one by varyi ng the val ue of  k.  We al so have a pl an to i mpl ement  our 
al gori thm i n West Gr i d [31]  mi ddl eware to see i ts performance i n real  Gri d Envi ronment .  
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