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Abstract

This paper presents a classification of file placement arlitagipn methods on grids.
The study is motivated by file transfer issues encounterdldeirvirtual Imaging Plat-
form deployed on the European Grid Infrastructure. Appheagroposed in the last 6
years are classified using taxonomies of replication pgyaeplication optimization,
file models, resource models and replication validationstxisting approaches im-
plement file replication as a middleware service, using dyinatrategies. Production
approaches are slightly different than works evaluatednwktion or in controlled
conditions which (i) mostly assumes simplistic file modeisdistinguished read-only
files), (ii) rely on elaborated access patterns, (iii) asswtairvoyance of the infras-
tructure parameters and (iv) study file availability lessrntlother metrics but insist on
cost.
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1. Introduction

Data management is a critical component of distributedesystand in particular
grids ﬁ,@,@]. Usually, applications do not seek only fomputing power but also
have stringent requirements concerning data sharingaggoand transfers. For in-
stance, medical image analysis often involves pipelinegookflows retrieving images
from an indexed database, staging-in image files to the congpesources and storing
results. This requires that file storage and transfers argsgreliable and efficient.

Among data management issues, file placement and rephioagoe studied since
the early ages of gﬁd However, applications running on production grids séfport
low transfer reliability and performance. In [4], data tsEers between grid sites ac-
count for 86% of job failures an&[@ 6] mention that dataatetl errors have serious
impact on the performance. Such data transfer issues atgyin the unavailability
of storage machines and in network connectivity issues éatvgites. They not only
impact computing jobs but also end-users in their transfénmut and output data.
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Groups of users, a.k.a. Virtual Organizations (VOs), alaeehto properly deal with
file placement in order (i) to control available space onajermachines and (ii) to
reduce the impact of storage decommissioning.

File replication is a common solution to improve the religpiand performance
of data transfers. It consists in storing several instaméebe same file on differ-
ent resources. File placement aims at choosing these ocesoappropriately. For
instance, [7] reports significant improvements obtainedepjication on metrics such
as makespan, job running time and consumed bandwidth. Netpwerhead of file
replication also has to be considered [8].

Many file management strategies were proposed but none vegdeadin large-
scale production infrastructures. Although the Europead (Bfrastructure (EGI) re-
ports average availability and reliability ranging from%4o0 96% with a target of
90%2 (which clearly motivates the need for efficient data manag@nstrategies),
deployed middleware systems still offer very low-leveladatanagement facilities,
putting file placement and replication decisions in the Isasfthe application or VO
managers. For instance, high-energy physics experiﬁ]stiﬂsjo not expect the mid-
dleware to provide any data placement system due to the esiyphbnd variety of
application use-cases [9]. In practice, they rely on suttistamanpower to implement
data placement policies: system administrators congtarghitor the status of the data
sets and storage systems, triggering transfers when n@ed

Such manual operations are not affordable for smaller usnaunities. Instead,
automatic file placement methods should be made availaldedble reliable use of
grid infrastructures. This paper aims at providing a strced outline of the existing file
placement and replication methods. It extends the taxoe®wfireplication architec-
ture and strategy presented[ll . Our study is motivatethé practical example of
the Virtual Imaging Platform (VIP) [12], a science-gatewdployed on EGI. On this
platform, file transfer performance and reliability are aligsue, and we are looking
into strategies to improve them. Sectidn 2 describes filesfea issues VIP. Section 3
then formalizes the problem and Section 4 presents a taxpmdrthe approaches.
Existing works are classified according to this taxonomyeti®n 5, and production
systems are discussed in Section 6. This paper focuses dm agiaggregations of
computing and storage clusters: desktop grids, volun ating, clouds, peer-to-
peer systems and parallel file systems used for cluster 4(N.I%Strg, PVES [H4],
Hadoop [HS], GFS [16]) are out of scope.

2. File transfers in the Virtual Imaging Platform

Applications in VIP are described as workflows generatirggjdistributed to EGI
sites. When they reach a computing resource, jobs downlazditiput files from
storage elements (SEs), run the application, and uploadtsee storage elements. To
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Figure 1: Distributions of minimum (left) and maximum (right)mber of replicas per file in a workflow
execution

motivate our study of file placement and replication, we ddhe performance and
reliability of job file transfers in VIP on a data-set of 489nkfbow executions started
in November 2012 on EGI'bi omed® Virtual Organization.

When workflow input files are uploaded to VIP, they are repéidatp to four times
to SEs specified in the configuration. Figure 1 shows that filestinvolved in work-
flow executions are replicated at least twice. The dataisetshows that in 9% of
the workflows, there is no SE holding a replica of all the fillesanother 9% of the
workflows, 1 SE holds a replica of all the files, and in the revimgj 82%, 2 SEs hold a
replica of all the files. This is consistent with the fact tB&s in the configuration are
used to store the input data. The situation of output filegrg different. Output files
are uploaded to the SE closest to the computing site, reguttia wide distribution of
files with only 1 physical copy.

To highlight the problems resulting from such a naive filecplaent strategy, and
to motivate our study of replication strategies, we studiedtotal download time per
successful job. After removing workflows with incompletaajad639 jobs and 4599
file downloads belonging to 152 workflow executions remain€ejure. 2 plots the
job download times as a function of the download size. Doaulsizes are roughly
clustered in 6 groups for which whisker bars figure the transfe quartiles (min,
first quartile, median, third quartile, max). For each simeug, the inter-quartile range
(IQR) of the download time is much larger than the median.sTindicates very het-
erogeneous performance among jobs, resulting in poortyusliservice. Figuré 3,
which plots job download times per grid site for the 6th sireup, shows that such
heterogeneity is correlated to the geographical localitthe jobs: depending on the
site, median transfer times per site range from 20s to 824@s1Stores a copy of most
files, which explains that it has the lowest median and IQRnFthese observations,
we expect that improving file placement on grid sites wilgkly reduce performance
heterogeneity among jobs.

We also studied the job failure rate due to data transfer irkflaawv executions.
Figurel 4 plots the cumulative density function of the joboemate in the 410 work-
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Figure 2: Job download times w.r.t download sizes. For eatheo size group, whisker plots represent the
transfer time quartiles.
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Figure 3: Job download time quartiles per site, for file sizegdr than 400MB (6th size group on Figure 2).
Sites are ordered by increasing median values.
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Figure 4: Distribution of job error rate due to failed datansfers in workflow executions.

flows of the data-set with at least 1 job. Only errors comirggifile download are
considered. Although 60% of the workflow executions are ngtdcted by download
errors (250 out of 410), 20% of the executions have more tBaroberrors (78 out
of 410). It means that for 78 workflows out of 410, more than S%he jobs failed

due to download errors. We expect that such an error ratel dmulargely reduced by
improving VIP’s file replication strategy.

3. Problem formalization

We define the file placement problem as follows. Given a seffis andp storage
elements, a storage configuration is defined by a méatokn x p boolean values such
thatS; ; = 1 if and only if file 7 is stored on storage element The set of storage
matrices is note@.

Implementing a storage matri¥ means performing all the required file transfers
and replications so that the status of the infrastructudescribed byS. This has a
cost defined by the migration function:

$:SxS — RF
S,P — (S, P),

whereS is the storage matrix before the migration a@nds the storage matrix after the
migration. Note that is a distance when file deletion/creation are not considened



the infrastructure does not chaﬁge

Each file has a fixed size and storage elements have a cap&gies have to
be stored on at least one storage element but they can beatepliseveral times:
dF 1 Sig > 1.

Metrics may be associated to a storage matrix. Some metagdbmexactly deter-
mined directly from the storage matrix (e.g. total usedaderspace) and other ones
may only be estimated and/or may require additional infaionaabout the infrastruc-
ture and its usage (e.g. total data transfer time of an agtjitthat uses a given storage
matrix).

The file placement problem consists in defining a storagetimm¢ giving the
storage matrix to be realized. The storage function may rikbjp@ various parame-
ters characterizing the file placement problem. For ingaitanay depend on time
(dynamic problem), current value of the storage matrix, ffileperties (e.g., access
patterns, owner, content), infrastructure charactessthd storage cost.

A file placement algorithm implements a storage functionimizing the metrics
of interests.

4. Taxonomies of file placement

To create the taxonomies we use the method proposed andﬂl@@iﬁor areview
of multi-criteria grid workflow scheduling. It is describeg follows (see beginning of
Section 3in [17]):

[To analyze the file placement problem], several imporfanetsof the
problem are considered. Each facet describes the [file plexct problem
from a different perspective. For every facet we proposer&@icgaxon-
omywhich classifies different [file placement] approaches uhifterent
possibleclasses Classes are described using the RDF notasigioject-
predicate-objectwhich are extended in some cases to distinguish between
differentsub-classesf the problem.

Here we analyze the file placement problem in 5 facets thatherdile model, the
resource model, the optimization criterion, the replmatprocess and the method val-
idation.

The file model includes information about how the applicagicreate and access
files. Together with the resource model, it defines the assangof the problem.
The optimization criterion defines the goal to achieve witile replication process
defines the solution. Although the validation method is eatly part of the replication
method, it gives relevant insight on the scope and applitabf the solution.

Each of these facets issaibjectof one or severgbredicatesif facet F' is a subject
of predicateP then it means that' has aP. Each predicate has least twbjectsthat
can be concrete or abstract classes. Concrete classes émaerded. Depending on

"Indeed, (S, P) = 0 & S = P; (S, P) = ¢(P, S) (if P andS store the same files, have the same
storage elements and network links are assumed symmetrig)@@hd)) + ¢(Q, P) > ¢(S, P).



the predicate, inheritance can be mutually exclusive or Raplication methods are
characterized by a set of instances of concrete objectedass

4.1. Taxonomy of file models

Figure 5 shows our taxonomy of file models. The tree root i&pTEs the facet
(ellipse, black text), level-1 nodes are predicates (reytes, blue text) and level-2
nodes are concrete classes (rectangles, green text). $hprédicate is the file type.
In some cases a distinction is made between applicatiort s output files. Input
files are potentially transferred to several computingssite processing. They are
supposedly replicated on sites that are likely to receilis.j@utput files are application
results, used only for user inspection or light post-preresby a reduced number of
jobs. A common strategy is to store them close to the site evtiery are produced.
This difference between input and output files can be impbgapriori information
for the replication process.

Similarly, permanent and temporary files may be considesdifferent types.
Permanent files are usually input or output files. They haveet@vailable over a
time period spanning several days or weeks and are polgritahsferred by the user
for visual inspection. Temporary files can be intermediatilts. They are not meant
to remain available for a long time but they can require sl amounts of storage
and optimizationm8].

Instead of individual files, the replication manager somes considersollections
of files belonging to a particular data set (e.g. images ofstae patient or events
recorded on a particular day). Note that collections do mctide groups of files with
no semantic relation (e.g. group of files stored on the samsg.h€onsidering col-
lections reduces the complexity of the replication probkemd ensures that consistent
groups of files are reached with similar performance (latethcoughput and availabil-
ity). Collections, a.k.a groups, blocks or datasets arefample used by high-energy
physics experiments.

The file model can also take into account information aboatdidcess patterns.
Formally, the file access patternwofiles fromg nodes during time intervéd, , t2] can

be described by a matrid of n x ¢ integer values such thalgf;’”] is the number of
accesses of filefrom storage elemetin [t1, t2]. In practice, nodes can be computing
nodes or user stations. We also can deﬂété’tzl =>4 AE}’”], the total number
of accesses of filé For readability purposes, time intervals may be omitted.

In some cases assumptions are made on the number of file esm@&s a time
period. For instance files can be uniformly accessed ovenapieriod, i.e.A; = A;,
i,j € [1,n]. A probabilistic distribution of density’ can also be assumedi(n) =
P(A; = n). Usually, f does not depend on the file. Various distributions are used
among which uniform, Gaussi19], binominal and Z@ [20]

In other cases a temporal relation is assumed among filesesdse, an assump-
tion is made ond, as a function of time 4, : ¢ — A" 5t > 0). For instance,
recently accessed files can be assumed more likely to besactagain if4; is an
increasing function.

Geographical IocalitinZl] means that the accesses of:fileom nodei and its
neighbors are related. This can be writidn ; — Ay ;| = ¢(¢, 7), whereg is a function



of the geographical distance between nbded nodej. The geographical distance can
be defined in several ways, for instance using network hops.

Spatial relations between files can also be assumed, i.dddated close to a re-
cently accessed file are likely to be accessed again. In #sis a relation between
the storage matrix and the access pattern is assufded: A;| = h({(z,y), Si« =
1,5;, = 1}), whereh is a function depending on the distances between storage ele
ments.

Finally, a workflow relation can also hold, where file deperdes are defined by a
graph of data dependencies between jobs. In general, waskfice assumed abstract
which means that they only specify dependencies among jatsontain no informa-
tion about the execution resouredn this case a function gives A; on the time
period of the workflow executiond; = w(z). This function defines relations between
files accesses. For instance, if two fileandj are processed by the same amount of
jobs thenw(i) = w(j). Temporal dependencies cannot be completely expressée by t
workflow since they depend on job scheduling. However, cairgs corresponding to
dependencies among jobs can be setvbyFor instance, if filel is produced by a job
and used only by a subsequent job to producejftleenw(i, t) > w(j, t).

File permissions are another important predicate of tharfidelel. Assuming that
files cannot be modified simplifies the handling of consistaasues among replicas.
In case file deletion is possible the replication procesddasnsider the file deletion
cost that is dependent on the number and placement of theagpl

Files can originate from a single or from multiple data prctitin sources such as
in [21], [22], [19] and [23]. Multiple data production so@s cover data produced by
analysis jobs or uploaded by geographically distributeztaisr devices.

4.2. Taxonomy of resource models

The organization and interactions among storage and cangpsources define a
resource model on which file placement and replicationegjias rely. Our taxonomy
of resource models is shown on Figlre 6. Rectangle with redinelicate abstract
classes.

The infrastructure topology is the first important predécdt can be single-tier or
multiple-tier. In a single-tier topology all sites play tekame role w.r.t. file placement.
Multiple-tier infrastructures give salient roles to sonb@age elements such as storing
output files or holding a copy of all primary files. In case dataroduced from a single
source, sites can also be ordered w.r.t. their distancestedtirce.

Different site models can also be envisaged. Sites may stoofsstorage elements
only, of computing resources only or of a combination of both

Assumptions about clairvoyance with respect to the resoomodel have a strong
impact on the applicability of file placement strategiesai@byant models assume
that resource characteristics of interest are entirelyntm the file placement algo-
rithm. This knowledge can be either obtaireegriori or estimated from experimental
measures such as done in [8] for network bandwidths. Thidté ot realistic in
large-scale infrastructures where non-clairvoyance nomcern the size of available

8j.e. a workflow relation only make assumptions.apn notA; ;
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storage on SEs, the network throughput and bandwidth bet8&s and computing
resources, the performance of computing elements or anpication of these.

4.3. Taxonomy of optimization criterions

Our taxonomy of optimization criterions is shown on FigurdrY case the infras-
tructure is the optimization target, criteria such as thailakle network bandwidth or
the system file missing rate are used. Instead, works tamyefiplication metrics con-
sider criteria such as the makespan, job running times outfirput of application data
transfers.

Besides, replication optimization can be conducted withifferent scopes. In a
local scope the strategy aims at optimizing the placemennbyfa sub-group of files
while in a global scope all the files of the infrastructure emesidered. A strategy is
said global if and only if there is a defined set of resourcasdhe dedicated to the set
of files considered by the strategy. For instance, if a VO tasge quotas on storage
elements of the infrastructure, then a strategy optimitiegplacement of files of this
VO is global, even if other VOs may also have storage quotasakd on the same
storage elements. Local strategies may aim at optimiziagfdcement for a particular
user or application run.

Animportant characteristic of the file placement optinizais the targeted metric.
Metrics can be related to the transfene (e.g. file transfer time, job running time) or
to the file availability (e.g. system file/byte missing rate)some cases metrics depend
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both on the availability of files and on their transfer timénidTis for instance the case
of the makespan of an application when jobs have to be readwavhen required
files are not available. Metrics can also be related to soreefaaction, for instance
network consumption, storage usage, power consumptioveor &onomic cost.

4.4, Taxonomy of replication processes

The taxonomy of replication processes is shown on Figure i@phication process
can be centralized or decentralized. In case of a centdafizecess a single entity
is responsible for deciding on the placement strategy. ®&tance this entity can be
a job scheduler or a dedicated data management service sifiila catalog. In a
decentralized process file placement decisions are takewliple entities that may or
may not communicate. These can be computing jobs, storgeasiindividual users.
An example of central replication strategy is describe@] while @] presents a
decentralized method where replication actors are users.

The replication process is also characterized by its dysiani.e., its ability to
change the storage matrix along time. A strategy is saidmyjaé and only if the stor-
age matrix depends on tina@d on its previous values. Note that a multi-static strategy
is not considered dynamic: independently solving statibf@ms does not make a dy-
namic strategy. In general, history-based strategies yarandic because they create
an implicit dependency among storage matrices produceiffextsaht instants. Ir@S],
static data replication is discussed. The authors showttbafrid data replication prob-
lem is NP-hard and non-approximable, suggesting that $t&egihave to be developed
to solve it efficiently. Dynamic replication strategies described, e.g., irhIZG].

Among dynamic strategies, infrastructure-adaptingagiat are able to adjust changes
in the infrastructure charactersitics (e.g. storage efgraeailability, network band-
widths) or usage (e.g. file access patterns) and onlineegtest are able to adjust
changes in the set of considered files. Note that in case ofeosirategies, the num-
ber of rows of the storage matrix may evolve. In case of infeature-adapting, the
number of columns of the storage matrix may evolve.

11
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The replication actor is another characteristic of theicagibn process. It can be-
long to the middleware or to the user space. In the formeiclyafsastructure services
are instrumented for file placement. For instance this iscHse in @6] where stor-
age elements decide to hold a file or not based on the profitdheynake about it.
Placement strategies implemented by the middleware arengiple more efficient
because they provide a uniform consistent method acrosaefthstructure. However
they also introduce extra complexity in the middleware giesivhich may reduce fault
tolerance. The user space can be split as applications maded managers. In the for-
mer case, the application itself is responsible for takilag@ment decisions, allowing
more specific optimizations. In the latter, middleware taeservices such as work-
flow managers handle file placement. Most replication gjiase such as described
in El], [E?] and @] are implemented as middleware service

Finally, there is a distinction between file placement psses that can interact with
the job scheduler and those that cannot. Cooperation betdata placement and job
scheduling can improve the overall transfer time and havgrafieant impact on the
application makespan as shown in [27]. For instance, higgdrgy physics experiments
running on EGI preferably schedule their jobs on the sitesrelthe processed data
is located. Another example is shown E[19], where the sgledresource broker)
communicates with replica optimization services to estinthe job completion time
taking data transfer times into account.

4.5. Taxonomy of replication validation methods

Figure 9 shows the taxonomy of validation methods. The aéilith method gives
sound information about the scope of the optimization. Imynzases the evaluation
is done in simulation, using gold-standard simulators sm:@ptorSim@Q] or ad-hoc

12
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developments. In some cases such as [8] and [30], expesraeatimplemented on
a real infrastructure or controlled environment. Theagdtvalidation may rely on a
mathematical modeling of the proble‘% [8] or on formal proofsalgorithm perfor-
mance [25].

5. Classification of existing methods

The taxonomies presented above extend the taxonomieslicitém architecture
and strategy in the survey of data grids presenteiﬁh [11]eve validation facet is
introduced, clairvoyance predicate is added to the resomadel, optimization target
is added to the optimization method, replication actor ideaito the process imple-
mentation, dynamic methods are classified as online andsimércture-adapting, two
new classes are added to the file type predicate and threelasses are added to the
resource model.

Tables 1 t0 4 present a classification of the reviewed reficanethods according
to these taxonomies; / - symbols indicate that the paper belong / does not belong to
the class an@ indicate undetermined classification due to lack of infaioraor irrel-
evance of the class to the paper (for instance, clairvoyahoat computing resources
is not relevant for replication processes that do not takeprding resources into ac-
count). This classification concentrates on the recent svarld brings an important
update to [11]: 80% of the classified papers were publisheiaglthe last 6 years.

Online and infrastructure-adaptive approaches are usetthdyast majority of
works, due to the variability of grid conditions and usageostiworks also consider
file replication from the point of view of a middleware semjalthough manual im-
plementations are seen in production. Few works take irtowatt file modifications.

Tables 2 and 4 present works that were evaluated at prodisttade. These include
the 4 main high-energy physics experiments CMS, ALICE, LH@l ATLAS. The
classification shows a clear distinction between these svarld the ones that stay at
a theoretical level or are evaluated in simulation or in oaigd conditions. The next
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section discusses differences between theoretical wardkshee solutions deployed in
production.

6. File replication methods in production systems

Most high-performance computing infrastructures (HP@ parallel file systems
which completely hide data management operations. In filesystems, data replica-
tion is automatic, but it cannot exploit application-lewr@brmation such as file type or
access pattern. Conversely, high-throughput computifig-(Hnfrastructures delegate
data management to middleware or application-level sesviEile replication policies
can be defined according to applications’ characteridtigisthey are still mostly man-
ual. This section details file replication methods used iraded, DEISA/PRACE,
OSG and EGI. Although parallel file systems are out of the samfpour taxonomy
(they are very different from application-level solutipnae mention them here for
the sake of completeness. We then discuss some of the moesiiglons explaining the
lack of automated replication strategies in HTC systems.

6.1. Data replication in production grids

HPC infrastructures such as Teragrid (now called XQEDE in Europe DEISA
(now called PRAC@) have been using parallel file systems to share data amorggnod
in a single network domain. For instance, DEISA/PRACE usesdaptation of IBM’s
Multicluster General Parallel File System (GP@ [49]), &8POcompliant file system
striping files in blocks placed on different disks. Blockesig adjusted to file and disk
size to balance between throughput and disk utilizationin€oease data availability,
system administrators may define disk failure groups and ssplication factorn; the
system then ensures that blocks are replicatéiches in different failure groups. The
Lustre filesystem is also used in Teragrid/XSEDE. Lustrallptelies on the storage
hardware for data replicatiéh most likely RAID [50].

Parallel file systems were extended to handle data diségbah wide-area net-
works (WAN), and many TeraGrid projects have used WAN filstsyns in produc-
tion. The main implementations of WAN file-systems are Le3WAN [51] and GPFS-
WAN [@]. A few studies proved the performance of WAN filesysis on production
grids, see for instance [53] for Lustre. However, replicatpolicies used in these
WAN extensions inherits those used in their initial file gyst. It means that replica-
tion is performed regardless of the application, file typ@ther user-level character-
istics. For data-intensive applications, this has an irhpacost (e.g. data footprint),
performance and reliability. An exception is SLASH?2a file system for widely dis-
tributed systems used on the TeraGrid. In SLASH2, repbeaits triggered by users,
but its consistency and maintenance is performed by theyfiem.

°ht t ps: // wwv. xsede. org
http://prace-ri.eu
Unttp://wiki.lustre.org
Lhttp://quipu. psc.teragrid.org/slash2
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Conversely, HTC infrastructures such as Open-Scienceddddhe European Grid
Infrastructure mostly handle file replication through aggttion-level services. The
main replica catalog in the Open-Science Grid (5363 the Globus Replica Location
Service (RLS@4]), which links logical file names to repBc&Vhile several replicas of
a given file can be managed by RLS, it cannot automaticaljgén replication based
on some policy. IH[@S], an extension of RLS to distribute fileecatalog is described.
While this is useful to prevent the catalog to become a singiletf failure, this does
not concern the optimization of file placement itself. Thekio ﬂ%] presents a data
replication service (DRS) ensuring the reliability of daggplication, but no replica
placement strategy seems to be available either.

Data management services on the European Grid Infrasteu(EG) allow to
register and replicate files in file catalogs (in particulee £t CG File Catalog), but
replication decisions are left to the applications. In fcac most applications rely on
manual replication, either statically (replication Idoat are pre-set in configuration
files) or dynamically (replication locations are adjustgbperators). For instance, in
the ATLAS and CMS high-energy physics experiments, dataesptaced according
to the computing model. To the best of our knowledge, no aatechdynamic file
replication system is currently used in production on EGI.

A few experimental services, however, are currently beiegjghed to perform au-
tomatic, dynamic replication in EGI. The work @35] shovnait dynamic replication
improves job throughput and that simple strategies sucliRasdnd LFU perform well.
A service to record file popularity is described in|[36], arséd in [E?] to clean unused
replicas. The work in [58] suggests that dynamic data plargroould be envisaged
from this service, but no real strategy is described yet.

6.2. Discussion

Several reasons, described below, explain this lack ofnaaited, dynamic repli-
cation strategy in production infrastructures. First, filemodel assumed in theory,
simulation and controlled conditions is clearly differémdn the one considered by pro-
duction works. While the latter often distinguish inputfoutt data and file collections,
the others mostly assume undistinguished files. Convengedguction works hardly
rely on elaborated access patterns. ATLAS just startediderisg file popularity to
steer replicatioHI%] but statistical, temporal, geotiegl and spatial access patterns
are not seen in production because such assumptions an@asfiemed hazardo@[46].
Determining file access patterns from the application wovkfas done in@ﬂw] is
more realistic. We conclude that replication policies dtlaely ona-priori informa-
tion about file accesses, such as file type or workflow relation

Non-clairvoyance is another important characteristic rafdpiction works. While
clairvoyance about compute and network resources is alahvalys assumed in theo-
retical, simulation and experimental works, Table 2 shdws it is not a valid assump-
tion in production. Clairvoyance about storage resoursesalistically implemented

Bht t p: // www. opensci encegri d. org
Yhttp: // waw. egi . eu
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though. Therefore, there is a need for file replication sgigis that do not rely on
network throughput, job queuing time or job execution time.

Moreover, file availability is always considered in prodaotworks while it is
seldom studied by others. Conversely, cost is not studiederreviewed production
works, except inﬁﬁS]. In fact, most reviewed production k&do not experience
resource shortage but consider fault-tolerance as a majmeen. Designing file repli-
cation strategies focusing on file availability is requifedproduction.

7. Conclusion

We presented a formalization of the file placement and rafitin problem on grids
and we proposed a classification of recent approaches bagesanomies of the file
model, the resource model, the replication process, thengattion method and the
replication validation. These taxonomies were descrit@dguan RDF-likesubject-
predicate-objechotation as described iﬂl?]. A total of 45 classes weretitied.

A clear gap was identified between production approacheshendnes staying at
a theoretical level or evaluated in simulation or in corélconditions. Significant
differences in the file models, in assumptions about the ¢itess pattern, in clairvoy-
ance about the infrastructure and in the studied metrice Wigthlighted. In practice,
replication strategies don’t seem to be used in any prodiusiystem yet, although they
were widely studied in theory.

Conclusions from this study will be used to design file managy& strategies for
the Virtual Imaging Platforn@O] on the European Grid Iisfiraicture.
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