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Abst ract  
 
Gr i d comput i ng emerges i n part  f rom t he need t o 
i ntegrate a col l ect i on of  di st ri buted comput i ng resources 
t o of f er perf ormance unat t ai nabl e by any si ngl e 
machi ne.  Gri d t echnol ogy f aci l i t at es data shari ng across 
many organi zat i ons i n di f f erent  geographi cal  l ocati ons. 
Data repl i cat i on i s an excel l ent  t echni que t o move and 
cache dat a cl ose t o users.  Repl i cat i on reduces access 
l at ency and bandwi dt h consumpt i on.  I t  al so f aci l i tates 
l oad bal anci ng and i mproves rel i abi l i t y by creat i ng 
mul t i pl e dat a copi es.  One of  the chal l enges i n data 
repl i cat i on i s to sel ect  the candi date si tes where repl i cas 
shoul d be pl aced,  whi ch i s known as t he al l ocat i on 
probl em.  One perf ormance met ri c t o det ermi ne t he best  
pl ace to host  repl i cas i s sel ect  for opt i mum average (or 
aggregat ed )  response t i me.  We use the p-medi an model  
f or t he repl i ca pl acement  probl em.  The p-medi an model  
has been expl oi t ed i n urban pl anni ng t o f i nd l ocati ons 
where new faci l i t i es shoul d be bui l t .   In our probl em,  the 
p-medi an model  f i nds t he l ocat i ons of  p candi date si tes 
t o pl ace a repl i ca t hat  opt i mi ze t he aggregated response 
t i me.  A Gr i d envi ronment  i s hi ghl y dynami c so user 
request s and net work l at ency vary constant l y.  Therefore,  
t he candi dat e si tes current l y hol di ng repl i cas may not  be 
the best si tes to fetch repl i ca on subsequent  request s.  We 
propose a dynami c repl i ca mai nt enance al gori thm that  
re-al l ocates to new candi date st i es i f  a perf ormance 
met ri c degrades si gni f i cant l y over  l ast  K t i me peri ods.  
Si mul at i on resul t s demonst rate t hat  t he dynami c 
mai nt enance al gori t hm wi th st at i c pl acement  deci si ons 
per f orms best  i n dynami c environment s l i ke Dat a Gr i ds. 
 
Keywor d:  Data Repl i cat i on,  Gri d, Repl i ca Al l ocat i on, 
Repl i ca Real l ocat i on,  Repl i ca Pl acement . 
 
 

1. I nt roduct i on 
 

The avai l abi l i t y of  powerf ul  comput ers and the rapi d 
i ncrease of  network speed are l eadi ng t o an i ncreasi ngl y 
decent ral i zed approach to provi di ng comput e 
i nf rastructures.  Sci ence t oday is more col l aborat i ve and 
mul t i -i nst i tut i onal  [6] so access t o comput i ng resources 
and speci al  cl asses of  sci ent i f i c devi ces or i nst ruments 
shoul d be made avai l abl e t o as many users as possi bl e 
i rrespect i ve of  thei r gl obal  l ocat i on.  A l arge number of  
sci ent i f i c and engi neeri ng appl i cat i ons requi re a huge 
amount  of  comput i ng t i me t o carry out  t hei r experi ment s 
by si mul at i on [1] .   Research dri ven by thi s need has 
promoted t he expl orat i on of  a new archi t ecture 
commonl y known as “The Gr i d”  f or  hi gh per f ormance 
distribut ed appl i cat i on and syst ems. 
   Gri d comput i ng can coordi nat e resource shari ng and 
probl em sol vi ng across dynami c mul t i -i nst i tut i onal  
environment s [3] .  Large sci ent i f i c i ni t i at i ves such as 
gl obal  cl i mat e change,  hi gh energy physi cs,  and 
comput at i onal  genomi cs requi re l arge data col l ect i ons 
whi ch are now bei ng curat ed i n vari ous di verse 
l ocat i ons.  These l arge data st ores must  be shared by 
researchers around t he worl d.  Hi gh perf ormance Dat a 
Gri d archi tectures faci l i t ate these requi rements by 
appl yi ng t he various technol ogi es requi red i n a 
coordi nated fashi on to support  data i ntensi ve petabyte 
scal e appl i cat i ons. Data repl i cat i on becomes cri t i cal  as 
Data Gri ds are devel oped that  permi t  data shari ng across 
many organi zat i ons i n di f f erent  geographi cal l y di sperse 
l ocat i ons [10]. One such i nstance i s t he hi erarchi cal  one 
envi si oned by Gr i PhyN [8] . It consi sts of  mul t i ple tiers 
wi th al l  data generat i ng at  Ti er 0;  Ti er 1 consi sts of  
nat i onal  centers;  and bel ow that  there are regi onal  
centers.  Each t i er has i t s own storage capaci ty,  but thi s 
can vary f rom t i er to t i er.  Usi ng the storage capaci ty at  
each t i er,  repl i cas can be pl aced at  each t i er to i ncrease 
the data avai l abi l i t y among di f ferent  si tes.  The general  



i dea of  repl i cat i on i s to store copi es of  data i n di f ferent 
l ocat i ons so data can be easi l y recovered i f  one copy at  
one l ocat i on i s l ost  or unavai l abl e.  
   Transferri ng a f i l e f rom a server to cl i ent  consumes a 
substant i al  bandwi dt h.   One possi bl e way t o reduce the 
access l at ency and bandwi dth consumpt i on i s t o repl i cate 
data across di f ferent  si tes.  Repl i cat i on al so faci l itates 
l oad bal anci ng and improves rel i abi l i t y by creat i ng 
mul t i pl e data copi es.  However,  the f i l es i n Gri d are l arge 
(i .e., si zes of  500 MB-1 GB are typi cal ) so repl i cat i on to 
every si te i s infeasibl e.  One of  the chal l enges i s to l ocate 
the candi date si tes for repl i ca pl acement . One approach 
i s to pl ace repl i ca at  si tes t o opt i mi ze aggregat ed 
response t i me.  Response t i me i s cal cul ated by 
mul t i pl yi ng the number of  request  at  si t e i  wi th the 
di stance between the nearest  repl i cat i on si te to the 
request er.  The sum of  the response t i mes for al l  si tes 
const i t ute the aggregated response t i me.  We wi l l  use the 
t erms t ot al  response t i me and aggregat ed response t i me 
i nterchangeabl y t hroughout  t hi s research.  We propose a 
p-medi an model  [9]  that  f i nds the l ocat i ons of  p 
candi date si tes to pl ace a repl i ca that wi l l mi ni mi ze t he 
aggregated response t i me.  However ,  t he opt i mi zat i on 
probl em i s NP-hard so a l arge network requi res an 
unaccept abl e comput at i on t i me wi t hout  di rect i ng t o t he 
opt i mal  sol ut i on [5] .  Therefore,  heuri st i cs are needed 
t hat  can generate opt i mal / near-opt i mal  solut i ons for the 
p-medi an model .  The Lagrangean Rel axat i on t echni que 
i s one such heuri st i c t echni que that  is popul ar because i t  
provi des bounds on t he obj ect i ve f unct i on.  The 
Lagrangean t echni que sol ves t he p-medi an model  by 
l ocat i ng p candi date si tes to pl ace repl i cas opt i mal l y.   
The Gr i d envi ronment  i s hi ghl y dynami c where user  
requests and net work l at ency vary const ant l y.  The 
candidate si tes that  hol d repl i cas current l y may not  be 
the best  si tes to fetch repl i cas subsequent l y. Thus we  
propose a dynami c repl i ca mai nt enance al gori t hm that  
f i rst  f i nds the opt i mal /near-opt i mal  cumul at i ve 
aggregated response t i me f or K t i me peri ods by al l owi ng 
rel ocat i on wi th a posi t i ve t ransportat i on cost  and then 
compare i t  wi t h current  cumul at i ve aggregat ed response 
t i me.  The current  response t i me i s cal cul ated by addi ng 
aggregated response t i me f or K periods assumi ng t hat  
repl i cas are pl aced at  si tes that provi de the opt i mal  val ue 
usi ng t he p-medi an probl em at  per i od K=1.   The 
rel ocat i on deci si on i s then made based on the 
compar i son,  i.e., i f  the di f ference i s greater than an 
al lowabl e t hreshol d. 

The paper i s organi zed by present i ng rel at ed work i n 
Sect i on 2.  Opt i mal  stat i c repl i ca pl acement  st rategy i s 
di scussed i n Sect i on 3.  Dynami c repl i ca mai nt enance 
st rategy i s presented i n Sect i on 4.  The si mul at i on model  
i s descri bed i n Sect i on 5.  Sect i on 6 eval uates and 
compares the repl i cat i on st rategi es.  Sect i on 7 concl udes 
and i ndi cates possi bl e future research di rect i ons. 
 

2. Rel at ed Wor k 
 
Deci si on probl ems ari se i n wi de range of  publ i c and 
pri vat e sect or envi ronment s.  Di f f erent  model s such as 
t he set  coveri ng model  [14], p-center,  and p-medi an 
model s address such probl ems.  The general  probl em i s 
to l ocate obj ects (or faci l i t i es) to opt i mi ze some 
obj ect i ve.  Di stance,  or some measure more or  l ess 
funct i onal l y rel ated to di stance (e.g. ,  t ravel  t i me or cost ,  
demand sat i sfact i on),  i s f undamental  t o t hose probl ems.  
The set  coveri ng and p-cent er model s are based on 
maxi mum di st ance,  whereas t he p-medi an model  i s 
based on t he t ot al  (or average) di stance.  The set  coveri ng 
model  l ocat es t he mi ni mum number of  f aci l i t i es requi red 
t o cover al l  t he demand nodes (i .e.,  requesti ng si tes).  The 
p-medi an model  f i nds p l ocat i ons to mi ni mi ze the total  
t raverse di stance that  customers must  t raverse to reach 
the cl osest faci l i ty [5] .  The p-center model  addresses t he 
probl em of  mi ni mi zi ng t he maximum di st ance t o t he 
cl osest  faci l i t y.  Appl i cat i ons for these model s i ncl ude 
l ocat i ng bus stops,  l i censi ng bureaus,  ai rports,  bl ood 
bank,  emergency medi cal  servi ces, etc [4, 5]. 
 
  Kavi t ha et  al . [12]  propose a st rategy for creat i ng 
repl i cas automat i cal l y i n a generi c decent rali zed peer-t o-
peer network.  The goal  of  t hei r model  i s t o mai ntai n 
repl i ca avai l abi l i t y wi th some probabi l i st i c measure.  
Alt hough t he approach may be appl i cabl e on Dat aGri ds,  
each peer onl y ut i l i zes part i al  i nformat i on (the part  they 
retai n);  so a more gl obal  approach i s l i kel y to achi eve 
bet ter resul ts.  Ranganat han and Fost er [ 10]  di scuss 
vari ous repl i cat i on st rategi es for a hi erarchi cal  Dat aGri d 
archi tecture.  They test  si x di f ferent  repl i cat i on st rategies: 
1) No Repl i cat i on:  onl y root  node hol ds repl i cas;  2) Best  
Cl i ent :  repl i ca i s created for the cl i ent  who accesses the 
f i l e the most ;  3) Cascadi ng:  a repl i ca i s created on the 
path to the best  cl i ent ;  4) Pl ai n Cachi ng:  a l ocal  copy i s 
stored upon i ni t i al  request ;  5) Cachi ng pl us Cascadi ng:  
combi nes pl ai n cachi ng and cascadi ng;  6) Fast  Spread:  
f i l e copi es are stored at  each node on the path to the best  
cl i ent .  They show that  t he cascadi ng strategy reduces 
response t i me by 30% over pl ai n cachi ng when dat a 
access pat t ern cont ai n bot h t emporal  and geographi cal  
l ocal i t y.  When access pat tern contai ns some l ocal i t y,  
Fast  Spread si gni f icant l y saves bandwi dt h over ot her 
st rategi es.  The repl i cat i on algor i t hms assume t hat  
popul ar f i l es at  one si te are popul ar at  others.  The cl i ent  
si te counts hops for each si te that  hol d repl i cas,  and the 
model  sel ect s t he one wi t h t he l east  number of  hops f rom 
the request i ng cl i ent . However  i t  does not  consi der 
current  network bandwi dt h.  Our  model  capt ures both 
Gri d f i l e t ransfer and other network t raf f i c over the same 
l i nk and i t  consi ders heterogeneous l i nk capaci t i es that 
are not  necessari l y  hi erarchi cal. 
   Kavi t ha et al . [11]  devel op a f ami l y of  j ob schedul i ng 
and repl i cat i on al gori t hms and use si mul at i on studies to 



eval uate t hem.  Three di f f erent  repl i ca pl acement  
al gori thms are consi dered:  1) no act i ve repl i cat i on;  2) a 
repl i ca i s created at  random si te based on a threshol d;  
and 3) a repl i ca i s created at  the si te wi th the smal l est  
number of  wai t i ng j obs based on a t hreshol d.  These t hree 
repl i cat i on st rategi es are combi ned wi t h t he f our 
schedul i ng st rategi es:  1) j obs are schedul ed to a random 
si te;  2) j obs go to the si te wi th fewest  wai t i ng j obs;  3) 
j obs are schedul ed to the si te contai ni ng the requi red 
data and wi th the fewest  wai t i ng j obs;  4) j obs are al ways 
run l ocal l y.  They show that  when there i s no repl i cat i on,  
si mpl e l ocal  schedul i ng perf orms best .  However,  when a 
repl i cat i on i s used schedul i ng j obs to sites contai ni ng the 
requi red data i s bet ter.  The key l esson for our study i s 
t hat  dynami c repl i cat i on reduces hot spot s created by 
popul ar dat a and enabl es l oad shari ng.  Opt orSi m [ 2] is a 
si mul at or devel oped as a part  of  European Dat aGri d 
proj ect  to carry out di fferent repl icat i on and schedul i ng 
al gori t hms.  The si mul ator model s a Gri d consi st i ng of  
several  si tes where each si te has zero or more comput i ng 
el ement s and /or zero or more storage el ement s.  The 
comput i ng el ement  f aci l i t at es j ob execut i on whereas t he 
storage si tes are data reposi tori es.  The si mul ator al so 
support s rout ers whi ch f orward requests to other si tes but 
do not  have any processi ng power or st orage capaci t y.  A 
resource broker act s as a meta-schedul er that  cont rol s the 
schedul i ng of  j obs to di f ferent  comput i ng el ement s.  The 
si mul at or uses an economi c model  i n whi ch si t es buy 
and sel l  f i l e usi ng an auct i on mechani sm.   
  Several  research ef forts [2, 10, 11]  assume user 
requests i s the onl y parameter consi dered for repl i ca 
pl acement  so net work l at enci es are i gnored.  However,  
network bandwi dth pl ays a vi t al  rol e i n fi le t ransf er.  We 
can save substant i al  t ransfer t i me i f  we pl ace a repl i ca of  
a f i l e at  a si te that  i s connected to i ts nei ghbors wi th 
l i mi ted bandwi dth and i f  i ts request  for that  f i l e is above 
average.  Earl i er work [13] shows t hat  consi deri ng both 
the current  network state and f i l e request s produce bet ter 
resul ts than f i l e requests t i mes al one.  The repl i cat i on 
al gori t hm begi ns by pl aci ng the master f i l es at one si te. 
The expected ut i l i t y or ri sk i ndex i s cal cul ated for each 
si te that  does not  current l y hol d a repl i ca and then one is 
pl aced on the si te that  opt i mi zes the expected ut i l i ty or 
r i sk.  The al gori t hms proposed based on uti l i ty selects a 
candi date si te to host  a repl i ca by assumi ng that  future 
requests and current  l oad wi l l  f ol l ow current  l oads and 
user requests.  Conversel y,  al gori t hms usi ng a ri sk i ndex 
expose si tes far f rom al l  other si tes and assume t he worst 
case whereby f ut ure requests wi l l  pri mari l y ori gi nate 
f rom that  di stant  si t e.  One maj or drawback of  t hese 
st rategi es i s that  the al gori thms sel ect  onl y one si te per 
i terat i on and pl aces a repl i ca there.  The Gri d 
environment  i s hi ghl y dynami c and t here mi ght  be a 
sudden burst  of  request s i ndi cat i ng mul t i pl e st i es shoul d 
si mult aneousl y get repl i cas to qui ckl y sat i sfy the l arge 
spi ke of  requests.  Our  wor k does not  consi der about  the 

rel ocat i on of  the candi date si tes.  In thi s research,  we 
extend earl i er work by sel ect i ng p candi date si tes to host  
repl i cas as wel l  as a dynami c maint enance usi ng a 
previ ous stat i c pl acement  st rategy.  
 

3. Stat i c Repl i ca Pl acement  Al gor i t hm 
 
On a Data Gri d di f f erent  j obs are submi t t ed f rom vari ous 
si tes.  Total  j ob execut i on t i me measures ef fect i veness of  
the repl i cat i on st rategi es.  Jobs i n the Data Gr id may 
request a number of f i l es. If  the f i l e i s at a l ocal  si te, 
response t i me i s assumed to be zero;  otherwi se the f i l e 
must  be t ransferred f rom the nearest  repl i cat i on si te.  
Thus,  j ob execut i on t i me i ncl udes the l atency requi red to 
transfer a fi l e.   The best repl i cat i on st rategy mi ni mi zes 
t he t ot al  j ob execut i on t i me and shoul d al so mi ni mi ze t he 
total  response t i me.  Response t i me for a request i ng si te i 
i s gi ven by t he product  of  number of  requests at  si te i 
(i .e., hi ) and the t i me requi red  bet ween t he request i ng 
si te i and the nearest  repl i cat i on si te.  Therefore,  our 
obj ect i ve i s to f i nd the p best  candi date (repl i cati on) si tes 
such that  total  response t i me for al l  of  the request i ng 
si t es i s mi ni mi zed.  The i dent i f i ed probl em i s cl osel y 
anal ogous t o the p-medi an [9]  model  used ext ensi vel y 
for faci l i t y l ocat i on probl ems i n urban pl anni ng.  In the 
f ol l owi ng sect i ons we formal l y restate the model  and 
provi de a heuri st i c sol ut i on approach that  l eads to 
opt i mal / near-opt i mal  sol ut i on for our repl i ca pl acement  
probl em.  
 
3. 1 P-Medi an Model  
 
The p-medi an model  f i nds t he p repl i ca pl acement  si tes  
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t o mi ni mi ze t he request-wei ght ed t ot al  di st ance bet ween 
the request i ng si tes and the repl i cat i on si tes hol di ng 
copi es assi gned.  Thi s model  i s f ormul ated wi th the 
equat i ons present ed above.  



 

The obj ect i ve f unct i on (1) mi ni mi zes t he request-
wei ght ed di st ance between each request i ng si t e and t he 
nearest  repl i cat i on si te.  Constrai nt  (2) states that  
exact l y p si tes to be l ocated to pl ace the repl i ca.  

Const rai nt  (3) states that  each request i ng si te shoul d be 
al l ocated exact l y one repl i cat i on si te f rom whi ch i t  can 
fetch the repl i ca.  Constrai nt (4) states that requests at si te 
i can onl y be assi gned at  repl i cat i on si te j  i f a repl i ca i s 

pl aced at  si te j .  Constrai nts (5-6) are general  i ntegri ty 

const rai nts.  Here ih represents the requests at  si te i .  For 

a smal l  net work and smal l  number of  p any of  t he wel l -
known al gor i t hms such as branch and bound can be used 
[5]  to sol ve the p-medi an probl em opt i mal l y.  However ,  
f or a l arge number of  const rai nt s and vari abl es the 
probl em i s cl assif i ed as NP-Hard [5] .  Therefore,  the 
probl em needs to be sol ved heuri st i cal l y t hat  f i nd good 
sol ut i ons to the probl em.  
 
3. 2. Lagr angean Rel axat i on:  A Heuri st i c 
Appr oach 
 
   A maj or benef i t  of  the Lagrangean heuri st i c [7] over  
other heuri st i c approaches i s i t  gi ves both upper and 
l ower  bounds for the obj ect i ve funct i on.  Thus,  it 
provi des a range i n whi ch the opt i mal  val ue of  t he 
sol ut i on l i es.  The basi c i dea i s to rel ax some const rai nts 
of  the ori gi nal  model  and add those const rai nts,  
mul t i pl i ed by Lagrange mul t i pl i er to the obj ect i ve 
funct i on.  We then t ry to sol ve the rel axed probl em 
opt i mal l y.  The model  uses a search techni que to f i nd a 
set  of  val ues f or Lagrange mult i pl i ers that l ead to a 
sol ut i on of  the probl em that  sat i sf i es the rel axed 
const rai nts.  I f  t he l ower and upper bound of  the sol ut i on 
coi nci des we have found the opt i mal  solut i on,  otherwi se 
we can i terate or search for the best  Lagrange mul t i pl i ers 
unt i l  t he gap bet ween upper and l ower bound i s 
accept abl y nar r ow.  We out l i ne the rel axat i on al gori t hm 
i n the next  sect i on. 
3. 2. 1 Lower  Bound Cal cul at i on:  
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I f  we rel ax const rai nt  (3) and add thi s one i nto obj ect i ve 
funct i on,  the rel axed probl em can be stated as  equat i ons  
(8-9). 

The other const rai nts (2,  4-7) remai n the same as t he p-
medi an probl em.  To mi ni mi ze t he obj ect i ve f unction in 
(9) we woul d l i ke to set 1=i jy  i f i ts coeffi cient 

( ) 0<− ii jidh λ and 0=i jy  otherwi se.  To set  he val ue of  i jy , 

i.e., 1=i jy ,  t he correspondi ng jx ’ s val ue shoul d be 1 (by 

constrai nt 4). However ,  const rai nt  (2) states that  we can 
choose at  most  p  repl i ca si tes for whi ch 1=jx . 

Therefore,  we have t o rank t he val ues of  jV s,  where jV  

i s def i ned by ( )∑
=

−=

n

i

ii jij dhV

1

,0mi n λ .  Fi nd the p  smal l est  

val ues of  jV  that  have the l argest  i mpact  on the 

obj ect i ve f unct i on.  Set  t he correspondi ng .1=jx   Then 

set 1=i jy , if 1=jx  and ( ) 0<− ii jidh λ otherwi se set  0=i jy . 

Cal cul ate t he l ower bound of  t he sol ut i on ( )LBZ by 

f i ndi ng the obj ect i ve f unct i on f rom const rai nt  (9) whi ch 
i ncl udes i jy  that are set to 1. 

3.2.2.  Upper  Bound Cal cul at i on 
 
Recal l  t hat  i n the rel axed probl em we rel ax const rai nt  (2) 
whi ch states t hat  each request i ng si t e must  be assi gned to 
a repl i cat i on si te i s eased.  The obj ect i ve funct i on val ue 
f ound by t he l ower  bound program i gnores this 
const rai nt .  Therefore,  t hi s const rai nt  may remai n 
unsat i sf i ed whi ch l ead t o an i nfeasi bl e sol ut i on to the 
or i gi nal  probl em.  We must  f i nd an upper bound 

( )UBZ of  t he obj ect i ve funct i on by assi gni ng each 

request i ng si te to the nearest  repl i cat i on si te.  The 
repl i cat i on si t es are f ound f rom t he l ower bound 
cal cul at i on,  i .e. ,  the si tes for whi ch the correspondi ng 

.1=jx  

3. 2. 3.  Mul t i pl i er  Adj ust ment  
 

The mul t i pl i ers are updat ed by subgradi ent  opt i mi zat i on 
whi ch maxi mi zes t he l ower  bound of t he sol uti on to 
sat i sfy the rel axed constrai nt  that  i s rel axed.  The steps 
f or updat i ng t he Lagrange Mul t i pl i ers are gi ven bel ow: 

1.  Def i ne subgradi ent s t
iG for the rel axed const rai nt  i n 

the current  i terat i on by:  

( ) niyG t
ij
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2.  Def i ne a step si ze 
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2

π where π is ini tial l y 

set  to 2.  I f  there i s not  much impr ovement  after a 

certai n number of  i terat i ons π i s repl aced by 
2

π
. 



3.  Wi t h t hi s step si ze the val ues of  iλ  are updated 

by t he f ol l owi ng rel at i onshi p 

            ( ) niGT t
i

nn
i

t
i ,...,1;,0max1 =+=+ λλ  

 
The al gori t hm termi nates ei t her af t er a speci f i ed number 
of  i terat i ons or the val ue of  π becomes suf f i ci entl y 
smal l .  A more det ai l ed di scussi on about  t hi s Lagrangean 
rel axat i on techni que and i t s appl i cat i on to p-medi an 
probl em can be f ound el sewhere [4, 5] 

4. Dynami c Mai nt ai nabi l i t y of  St at i c 
Pl acement  

   The Lagrangean rel axat i on t echni que assures t he 
opt i mal or near-opt i mal  sol ut i on based on the user 
requests and network characteri st i cs for the current  
peri od.  However ,  the candi date si tes that  hol d repl i cas 
current l y may not  be the best  si tes to fetch repl i ca i f  the 
user request s and net work l at ency changes. Therefore,  
rel ocat i on needs to be consi dered i f  t he perf or mance is to 
be mai nt ai ned. However,  the rel ocat i on i s cost l y.  Fi les in 
Gri d are typi cal l y i n t he magni t ude of  500MB-1GB,  so 
before rel ocat i ng a fi le repl i ca to another si te,  we must    
consi der the file t ransfer cost  for thi s evol ut i on.  To 
det ermi ne t he perf ormance degradat i on occurri ng i n l ast  
K t i me peri ods,  we must  det ermi ne t he opt i mal  
cumul at i ve average response t i me f or K t i me peri ods i f  
real l ocat i on i s permi t ted whi l e account i ng for the 
t ransfer costs. Fortunatel y,  the sol ut i on of  thi s aspect  of  
t he probl em al so f i nds t he repl i ca pl acement  needed t o 
achi eve an opt i mal  / near opt i mal  cumul at i ve average 
response t i me.  Wesol owsky and Truscot t  [15]  anal yze a 
mul t i -peri od faci l i ty l ocat i on-al l ocat i on probl em that  
al l ows faci l i ti es to move.  They propose a dynami c model  
t hat  mi ni mi zes three factors, (1) di st ri but i ng cost , (2) 
const ruct i on and removal  cost  f or a gi ven t i me peri od, 
and (3) determi nes possi bl e faci l i ty al l ocat i on to achi eve 
the opt imal / near-opt i mal  cumul at i ve cost .   
 
  In Data Gri d system,  the per f ormance moni t or i ng is 
of t en done by a met a-schedul er or resource broker.  To 
remove a f i l e f rom a si te’ s l ocal  storage the resource 
broker must  send a message,  a smal l  overhead message 
to i ni t i ate the much l arger f i l e t ransfer.  We wi l l  al so 
i gnore the cost  of  removi ng a f i l e f rom l ocal  storage.    
We use t hei r  dynami c model  [15]  to f i nd the opt i mal  
cumul at i ve t otal  response t i me for K periods: 
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   Equat i ons (10-16) are the mul t i peri od versi ons of  (1-7) 
respect i vel y.   The const rai nt  (17) ensures that  we can 
consi der the real l ocat i on cost  i f  a repl i ca i s rel ocated on 
t hat  si t e.  Wesol owsky et  al . [15] use dynami c 
programmi ng t o sol ve t he mat hemat i cal  model  opt i mal l y 
f or a smal l  net work si ze and l i mi t ed number of  peri ods.  
For a l arge network and l arge val ue of  K,  t he dynami c 
pr ogr ammi ng generates huge state spaces and stages,  
therefore the authors suggest  heuri st i cs to generate good 
soluti ons.  
 
   We can use t he Lagrangean rel axat i on t echnique to 
generat e t he opt i mal  or near-opt i mal  sol ut i ons to the 
dynami c model .  Once achi eved,  we compare thi s resul t  
wi th the current  one.  The current  resul t  i s cal cul ated by 
addi ng total  response t i me for K peri ods assumi ng t hat  
repl i cas are pl aced to the sites that  gave the opt i mal  
val ue for the p-medi an probl em at  per i od K=1. We must  
t hen deci de if rel ocat i on i s appropri ate.  Tabl e 1 presents 
4 cases to consi der when determi ne i f  rel ocat i on shoul d 
occur and i t  al so i dent i f i es a candi date target .  For 
si mpl i cit y,  we consi der a 2-medi an probl em and 3 t i me 
per i ods f or t he dynami c model .  We compare t he current  
resul t  (CR) wi t h opt i mal  resul t  (OR) and check whet her 
the di f ference i s more than the al l owabl e threshol d (T).  
For exampl e,  t he sol ut i on f ound by t he p-medi an 
probl em at  peri od K=1 suggests that the repl i ca shoul d 
be pl aced at  Si t e A and Si te B.  We must  anal yze the 
perf ormance of  t hi s pl acement  deci si on wi t h respect  t o 
three consecut i ve peri ods that  i ncl ude the f i rst  peri od 
when the stat i c opt i mal  deci si on was made and t he 
subsequent  t wo per i ods. 



 
Tabl e 1:  Repl i ca Real l ocat i on Deci si on 

 
Case ( CR–

OR) >T  
Per i od 
1 

Per i od 
2 

Per i od 
3 

Deci si on  

1 No A,  B  A,  B A,  B No 
Rel ocat i on 

2 No A,  B A,  B C,  D Rel ocate  at  
C,  D 

3 Yes X,  Y X,  Y X, Y Rel ocat e at  X,  
Y 

4 Yes P,  Q R,  S M,  N Re-opt i mi ze 
by p- medi an 
wi t h aver-age 
request s and 
average 
bandwi dt h f or  
l ast  3 peri ods 

 
I n Case 1,  we f i nd that  the opt i mal  sol ut i on compl i es 
wi th our earl y deci si on so replicas are pl aced correct l y. 
I n Case 2,  we f i nd an opt i mal  sol ut i on that  suggests 
repl i ca shoul d be pl aced at  Si te A and Si te B for t i me 
peri od 1 and 2 but  t o get  t he opt i mal  val ue we shoul d 
consi der a rel ocat i on to Si te C and D for t i me peri od 3.  
Theref ore,  we can rel ocat e at  C and D at  the end of  t i me 
peri od 3.  In Case 3,  we found that  si te (X,  Y) i s gi vi ng 
t he opt i mal  cumul at i ve response t i me suggest i ng t hat  
Si t e(X,Y) show a consi stent  performance si nce l ast  t hree 
periods even we consi der t he rel ocat i on cost ,  i .e., 
t ransportat i on t i me of  a f i l e to si te X,  Y f rom the best  
candi dat es (whi ch are A and B current l y).  Moreover,  t he 
di f f erence between current  and opt i mal  sol ut i on i s above 
the prescri bed threshol d.  The Case 4 addresses a random 
si tuat i on where we are not  abl e to f i nd a set  of  si tes that  
perf orm sat i sf act ory t hroughout the l ast  three t i me 
peri ods.  Moreover,  t he t ol erance l evel  i s above the 
threshol d,  so we must  consi der rel ocat i on.  
Unf ort unat el y,  t he si t es must  now be f ound by sol vi ng 
the p-medi an probl em that  t akes average request  and 
average net work l at ency as parameters.  The averages are 
cal cul ated by averagi ng the request  and l atency for l ast  
t hree t i me periods.  
 
5. Si mul at i on  
 

Repl i ca pl acement  al gori t hms must  be t est ed 
t horoughl y before depl oyi ng t hem i n real  Data Gri d 
envi ronment s.  One way t o achi eve a real i st i c eval uat i on 
of  the vari ous st rategi es i s through si mulat i on that  
careful l y ref l ects real  Data Gri ds.  On a Data Gri d 
di f ferent  j obs are submi t ted f rom vari ous si tes.  Mean j ob 
execut i on t i me i s a good measure of  ef f ect i veness of  t he 
repl i cat i on st rategi es.  Jobs i n the Data Gri d request  a 
number of f i l es. I f  the f i l e i s at a l ocal  si te, response t i me 
is assumed t o be zero;  otherwi se the f i l e must  be 
t ransferred f rom the nearest  repl i cat i on si te.  Thus,  j ob 
execut i on t i me incorporates t he response t i me requi red 
to t ransport  a f i l e.   The best  repl i cat i on strategy 
mi ni mi zes t he mean j ob execut i on t i me and al so 

mi ni mi zes t he average response t i me.  We val i dat e our 
repl i ca pl acement  al gori t hms wi t h average response 
t i mes.  We wi l l  val i date our pl acement  al gor i t hms wi th 
mean j ob execut i on t i me i n t he future.  Our repl i ca 
pl acement  al gori t hms are eval uat ed wi t h a si mulator 
wri t t en i n Java.  The si mul at i on generat es random 
background t raf f i c and gri d data request s. 
. 
 

5. 1 Gr i d Conf i gurat i on 
 

The study of  our repl i ca pl acement  al gor i t hms was 
carri ed out  usi ng a model  of  the EU Dat a Gr i d Test bed 1 
[2]  si tes and thei r associ ated network geometry.  Si te 0 i s 
t he CERN (European Organi zat i on f or  Nucl ear  
Research) l ocati on. Ini t i al l y al l  master f i l es are 
di st r i but ed t o CERN.  A master f i l e contai ns the ori gi nal  
copy of  some dat a sampl es and cannot  be del et ed.  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 t es shows 
t he avai l abl e net work bandwi dt h.  The net work 
bandwi dt h i s expressed i n Mbi t s/ sec (M) or Gbi t s/ sec 
(G).   We i ncl ude the storage capaci ty at  each router,  i .e., 
i nt ermedi at e nodes.  The i nt ermedi at e nodes have hi gher 
storage capaci t y than the testbed si tes but  smal l er 
capaci t y t han CERN.  Pl aci ng dat a at  i nt ermedi at e nodes 
moves i t  cl oser and hence more accessi bl e to testbed 
si tes.  The f i l e requests are generated f rom the testbed 
si tes. 
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Fi gur e 1:  The EU Dat a Gr i d Test bed 1 Si t es and t he  
Appr oxi mat e Net wor k Geomet r y.  
 
5. 2 Si mul at i on I nput  
 

Our program’ s i nput  i s f rom two conf i gurat i on f i l es.  One 
f i l e descri bes the network topol ogy,  i.e., t he l i nk between 
di f f erent  si t es,  t he avai l abl e network bandwi dth between 
si tes,  and the si ze of  di sk storage of  each si te.  The 
second conf i gurat i on f i l e contai ns i nformat i on about  t he 
number of  request s generated by each t estbed si t e and 
the current  network l oad.  The network l oad i s vari ed to 
t est  t he i mpact  on our repl i cat i on al gori t hm.  We consi der 
l ow,  medi um or heavy t raf f i c.  Fi l e requests may ei t her 
f ol l ow uni form di st ri but i on or normal  di st ri but i on.  We 
set  t hree maxi mum val ues f or uni f orm f i l e request s 
where each testbed si te can generate requests that  are 
uni f orml y di st r i but ed wi t h a maxi mum of  10,  30,  or 50.  



We al so consi der  t en random normal  request s wi th 
di f ferent  mean and vari ance.  The testbed si te that  
generat es each of  t hose random request s i s chosen 
arbi trari l y.  We consi der uni f orm and normal  request s 
wi t h di verse vari ances t o anal yze how wel l  t he 
repl i cat i on al gori t hms perf orms when t here i s no co-
rel at i on among previ ous request s, that is.,  the requests 
are total l y random.  
 
 

6. Si mul at i on Resul t s 
 

Each si te records the t i me taken for each f i l e requested to 
be t ransferred to i t .  Thi s t i me record forms the basi s to 
compare vari ous repl i cat i on st rategi es.  We compare our 
repl i cat i on al gori t hm wi th respect  t o average response 
t i me.  Response t i me i s t he t i me that  el apses f rom a 
request for a f i l e unt i l  i t  recei ves the compl ete f i l e.  The 
average of  al l  response t i mes for the l ength of  the 
si mul at i on i s calcul ated.  The best  repl icat i on st rategy 
wi l l  have l owest  response t i me.  Each f i l e i s 100 MB i n 
si ze.   Af ter some i ni t i al  runs,  we pl ace a repl i ca at  si tes 
that  wi l l  opt i mi ze ei ther one of  the obj ecti ves, i .e., the 
request  obj ect i ve (pl ace the repl i cas to the p si tes that 
request most of the f i l es),  stat i c p-medi an,  and dynami c 
p-medi an.  The Best_Cl i ent  st rategy consi ders the request  
obj ect i ve.  Af t er si x (K=6) t i me peri ods we consi der  
rel ocat i on.  For si mpl i ci ty we set  the val ue of  Threshol d 
to zero (T=0),  i .,e. ,  we consi der rel ocat i on when we can 
f i nd an opt i mum aggregat ed response for the l ast si x 
peri ods that  i s bet ter than t he current  accumul at ed 
response t i me.  We pl an t o work wi t h vari abl e t hreshol d 
i n future.  We test  our al gori thm for two di f ferent  val ues 
of p, i.e., p=5 or p=7.  We cal cul at e t he average response 
t i me for future requests i n di f ferent  network l oad by 
assumi ng t he repl i cas are now at  t he candi date si tes. 

Tabl e  2.  Average response t i me f or  di f f erent  
model s,  net work l oads,  user  request s when p=5 

Traf f i c Request  Best _ 
Cl i ent  

Stat i c P-
Medi an 

Dynami c 
 P-Medi an 

Low Uni f orm (10)  2883 896 714 

Medi um Uni f orm (10)  8765 1669 1368 
Hi gh Uni f orm (10)  9906 2975 1737 
Low  Uni f orm (30)  8216 2734 1753 

Medi um Uni f orm (30)  17140 4205 3310 
Hi gh Uni f orm (30)  25189 7862 5320 

Low  Uni f orm (50)  15483 3434 3184 
Medi um Uni f orm (50)  25115 7243 6054 
Hi gh Uni f orm (50)  28649 12585 6798 

Low Nor mal  40970 7925 7076 
Medi um Nor mal  86454 16381 11714 

Hi gh Nor mal  57585 16547 12232 

 
We accumul at e t he average response t i me for the next  
si xt y runs to anal yze the performance of  t he repl i ca 
pl acement  al gor i t hms.  We al so vary t he net work l oad 
wi th other background t raf f i c to see i t s i mpact  on the 
repl i cat i on al gori t hm.  The resul t s of  accumul ated 

average response t i me (i n seconds) are shown i n Tabl e 2 
and 3.  

    Tabl e 2,  3 show that  the response t i me i ncreases wi th 
i ncreasi ng requests.  There i s a st rong correl at i on 
bet ween response t i me and user request s as one woul d 
expect .  We have hi ghest  average response t i me i n peak 
peri od, i .e. ,  when user request s reach t he maxi mum,  as 
wel l  the background t raf f i c i s hi ghest .  We i ncl ude the 
dynami c t raf f i c condi t i on and random requests t o see t he 
i mpact  on t he dynami c model .  The dynami c model  t hat  
consi ders t he rel ocat i on shows si gni f i cant  per f ormance 
i mprovement  compared t o st at i c and best-cl i ent  model  i n 
di f f erent  background t raf f i c condi t i ons as wel l  when user 
requests vary randoml y,  that  i s,  no rel at i on wi th previ ous 
requests (uni form random),  or the future requests are 
normal l y di st ri buted and cent ered on previous requests.   
We can get  a signi f i cant  perf ormance i mprovement  wi t h 
dynami c model  i f  t he previ ous best  pat hs become 
congest ed because of hi gh background t raf f i c or if 
current  user requests vary si gni f i cant l y. 

Tabl e  3.  Aver age r esponse t i me f or di f f erent  
model s,  net work l oads,  user  request s when p=7 

Traf f i c Request  Best _ 
Cl i ent  

Stat i c  
P-
Medi an 

Dynami c  
P-Medi an 

Low Uni f orm (10)  3297 149 146 

Medi um Uni f orm (10)  2865 246 218 
Hi gh Uni f orm(10)  7670 382 381 
Low  Uni f orm (30)  5995 433 409 

Medi um Uni f orm (30)  16642 838 709 
Hi gh Uni f orm (30)  19237 1052 951 

Low  Uni f orm (50)  9549 723 706 
Medi um Uni f orm (50)  30699 1249 1204 
Hi gh Uni f orm (50)  26136 1245 1220 

Low Nor mal  22243 1312 1312 
Medi um Nor mal  68454 3196 3022 

Hi gh Nor mal  100073 4032 3674 

The proposed mat hemat i cal  model s requi re l i t t l e 
computat i onal  t i me to reach the sol ut i on by both stat i c 
and dynami c p-medi an model s.  The si mul at i on was 
carr i ed out  on a Pent i um 4 processor  2GHz wi t h 512 MB 
RAM.  Wi t h current  net work si ze,  t he comput at i onal  t i me 
i s onl y 10 seconds on average t o reach a sol ut i on usi ng 
stat i c or dynami c p-medi an model .  
 
7. Concl usi ons 
 

  We consi der a p-medi an model  f or t he repl i ca 
pl acement  probl em.  The model  f i nds t he l ocat i ons of  p 
candi date si tes to pl ace repl i ca that  wi l l  mi ni mi ze the 
aggregat ed response t i me.  Due t o dynami c nat ure of  
Gri d,  the pl acement  deci si on may not  be opt i mal  f or 
subsequent  peri ods.  Theref ore,  we need t o deci de about  
rel ocat i on.  However rel ocat i on needs t ransportat i on cost  
for t ransferri ng the f i l e to the rel ocated si tes.  We propose 
a dynami c repl i ca mai nt enance al gori t hm t hat  suggest  
for a rel ocat i on of  candi date si tes by consi deri ng the 
rel ocat i on cost .  The deci si on of  rel ocat i on i s made when 



t he perf ormance met ri c degrades si gni f i cant l y in last K 
t i me peri ods.  We val i date our model  by usi ng a model  of  
the EU Data Gri d testbed 1 si tes and thei r associ ated 
net wor k geomet ry.  However,  we need t o deci de about  
the val ue of  p for our p-medi an probl em t hat  gi ves a 
sat i sfactory response t i me to the request i ng si tes.  
Moreover,  t he t erm Threshol d (T) needs t o be cal cul at ed 
bef ore usi ng t he dynami c mai nt enance al gori t hm.  I t s 
val ue shoul d not  be too smal l  or t oo l arge.  One of  t he 
choi ces may be t o use a val ue t hat  changes 
proport i onal l y wi t h respect  t o t he average response t i me 
i n each t i me period.  
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