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ABSTRACT

Thefile-bundlecaching problem arises frequently in scientific ap-
plications where jobs process several files concurrentiysitier a
host system in a data-grid that maintains a disk cache foicieg
jobs of file requests where a job is serviced only if all itsuested
files are present in the disk cache. Files must now be adniitted
the cache and replaced in setditd#-bundles.We show that tradi-
tional caching algorithms based on file popularity measdoesot
perform well since they may hold in cache non-relevant combi
tions of files. We present and analyze a new caching algoffitim
maximizing the throughput of jobs and minimizing data repka
ment costs at such data-grid hosts. We tested the new &ligorit
using a disk cache simulation model under a wide range of con-
ditions of file request distributions, varying cache sizé& fize
distribution, etc. The results show significant improvemever
traditional caching algorithms.

1. INTRODUCTION

A data-grid [2] defines an environment of the GRID model of
computing that encompasses the management of large nuotbers
data sets that result from current scientific experimentsciser-
vations and are also likely to result in future scientifice@sh.
Specific examples of such collaboratory research activiie the
Particle Physics Data Grid (PPDG) [10] and the Earth SciGig
(ESG) [3]. The general model of computing within these resea
communities can be characterized as:

e having globally geographically dispersed locations ofezkp

mental laboratories and/or observatories that constitidely
distributed and heterogeneous data sources;

e maintaining different models of storage resoureeg, Mass

The applications in these domains, typically referred talats
intensive applications, require not only high performaocomput-
ing resources, but timely high speed access to the dataroesou
(generally maintained in units of data files), that are ndeatethe
computational resources. To access these large hetemgedis-
tributed data over wide area network, there is the need tdeimp
ment strategies that significantly improve the data acces®mp
mance under different models of computing. Techniques for e
ficient and optimal data access in these environments iavialv
plementation of good file request schedules, applicatiaptimal
file caching (or data staging), usage of strategic datagapdn and
pre-fetching, and application of efficient cache and replaplace-
ment algorithms.

Caching techniques, in particular, have been used geydaall
improve the performance of storage hierarchies in comgLgyrs-
tems. In the data-grid environment, specialized middleeveer-
vices, such as Storage Resource Manager (SRM) [12] andggtora
Resource Brokers(SRB) [11], provide the intermediaryises/for
caching or staging files required by data intensive jobs. RMS
provides service by holding, for some duration of time, das are
requested by multiple clients, providing a uniform coreigtnter-
face to clients making file requests to heterogeneous MSSkinta
intermittent link failures and data transfer disruptiohattwould
otherwise have to be handled by clients. The file cachingities
of an SRM and cache replacement are the main issues we focus on
in this paper.

A Storage Resource Manager (SRM), runs on a host, or a clus-
ter of machines, that receives job requests submitted tteagtal.
Each file can be very large (of the order of few to tens of gigredy
and typically resides in an MSS that is either local or remdéte
SRM maintains a large capacity disk cache, of the order of hun
dreds of gigabytes to tens of terabytes. The disk cache ttose
retain those files that are read from or are to be written tosMas

Storage Systems (MSS) from different vendors and Storage Storage Systems and is shared by multiple jobs. An SRM’s host

Area Networks (SANS).

that consists of a cluster of machines may have its disk cdishe
tributed over independent disks of the cluster nodes. Theotia

e computing on high performance computing systems that are storage resource manager is analogous to the use of a peoxgrs

located at sites far removed from the sites of the reseacher
and data resources.
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and/or a reverse proxy in web-caching except that SRMs digal w
very large data files. In particular, a large number of fileuesys
may be batched in one job. As a result, SRMs contend with file ac
cesses thatincur significant long delays in accessing amdpsing
files over wide area networks. The notion of a job being preegs
at an SRM involves simply migrating the data that are request
to the computational resource, possibly with some transdions
applied. The transformation carried out may simply be arfilte
process that restricts the data to the subset that satisfiesguery
condition. Similar related services are rendered by a §eoRe-
source Broker (SRB). In general, the operation of an SRM s go



erned by a set of policies such as the job service (or scheduling)
policy, thefile caching policyand thecache replacement policy.

1.1 Problem Definition and Motivating Exam-
ples

We address the problem of cache replacement for disk caches, T1

where replacements occur in file-bundles, in the contexh &RM.
The result is equally applicable to staging disks of masgg®
systems and storage area networks (SAN). Consider a sexjaénc

jobs that make requests for files at an SRM where each job is com
prised of file requests. The requests are serviced in sones:ord

first come first serve (FCFS3hortest job first (SJF)etc. A cache
C of some fixed sizes(C), is available for storing a subset of all
the requested files. A job is served only if all the files thaigeds
are already in the cach® otherwise the requested files of the job
must be retrieved from a Mass Storage System, located éither

cally or at a remote site, and at a much higher cost in time, int

C. The problem being addressed here is the following: givan th
each job requires all its requested files to be in cache betxéce
begins, what is an optimal cache replacement policy to aehiee
maximum throughput, or alternatively minimize the volunieata
transfers, under a limited cache space.

There are many papers [1, 5, 7, 13, 14, 16] that describe and an

alyze caching and replacement policies. The main concemmost

of these efforts is the maintenance opapular set of files in the
cache in order to maximizgt ratiosand minimize expected access
costs for files requested but not found in the cache. The gstgam
used by these works is that each request is associated vaittiyex
one file. The problem discussed in this paper is differentrance
general than these earlier works. In our case each arrieiggest
may need to load multiple files simultaneously into the caalteer
then one file at a time.

This work is motivated by file caching problems arising in-sci
entific and other data management applications that invokvig-
dimensional data [7, 15]. The main common characteristguch
applications is that they deal with objects that have migtit-
tributes (10 to 500), and often partition the data such thhtes for
each attribute (or a group of attributes) are stored in aragpéile
(vertical partitioning). Subsequent analysis and datangijobs
that operate on this data often require that several of @sbutes
are compared or combined together for further computatiom.
relational database terminology, this is equivalent to potimg a
multi-way join. An m-way join requires than files must be in

sequent analysis and visualization of this data requireshimay,
merging and correlating of attribute values from multipledi(see
Fig. 1).
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Figure 1: lllustration of vertical partitioning of climate simula-
tion data

A third example of simultaneous retrieval of multiple filaswes
from the area of bit-sliced indices for querying high dirienal
data [15]. In this case, a collection bf objects (such as physics
events) each having multiple attributes, is representied litmaps
in the following way. The range of values of each attributeliis
vided into sub-ranges (also called bins). A bitmap is camséd
for each sub-range with a 0 or 1 bit indicating whether aritatte
value is in the required sub-range. The bitmaps (each dorgsisf
N bits before compression) are stored in multiple files, oreefdi
each sub-range of an attribute. Range queries are then @tswe
by performing boolean operations among these files. Agaithis
case all files containing bit slices relevant to the querytrhasead
simultaneously to answer the query.

The solution to the problem discussed in this paper serves as
fundamental building block in the design of efficient caceevice
policies. Given an available space in the cache and a colfect
of requests currently waiting in the admission queue, thed go
to load files into the available space in the cache to maxirtthiee
number of requests that can be serviced and consequenilyizen

cache at the same time making it necessary to make cache loadthe average response time of the jobs. Alternatively, siheeost

ing and replacement decisions based on file-bundles raibara
single file at a time.

One example of an application where this problem arisesgh Hi
Energy and Nuclear Physics (HENP) data analysis. The dataes®
are from experiments that consist of accelerating subatqauiti-
cles to nearly the speed of light and forcing their collisirsmall
part of the particles collide head on and produce a large rumb
of sub-particles. Each such collision (called an event)rhakiple
attributes such as the total energy of the event, momentumbar
of particles of each type etc. Typically the values for htites are
stored in separate files where each file stores values of raougdt
across multiple events. These files are subsequently athlyg
physicists who may wish to look at several attributes siemedt
ously in order to select some subset of “interesting” events

Another example of this situation is simulation programslof
mate modeling. These programs produce multiple time stépsav
each time step may have many attributes such as temperature,
midity, three components of wind velocity etc. For eachilate,
its values across all time steps are stored in a separateSiilb-

(in time) to retrieve files into the cache is unusually higlg @an
solve to minimize the average volume of data read into théeac
per request for a given workload trace.

1.2 Performance Metrics

Cache replacement algorithms are key to the implementafion
a good caching system. Not only should this be evaluated ai-an
most negligible time relative to the time it takes to cachebject,
but it should optimize, in some sense, some measure of arperfo
mance metric. The typical performance metrics in cacheaoepl
ment algorithms are thieit ratio, themiss ratiq thebyte hit ratiq
and thebyte miss ratio A good cache replacement policy max-
imizes thehit ratio (or minimizes themiss ratig or alternatively
maximizes thdyte hit ratio(or minimizesbyte miss ratid.

Consider a workload of a sequenceNbjobsR= (rq,r»,...rn),
where each joln; = { fj} makes a request for only one fife. We
denote the size of the fil§ by s(fj). Of the N requests let the
set of files found in the cache Ib¢ whereh is its cardinality,i.e.,
h=|H|. The hit ratiopy, is defined apni; = h/N. The miss ratio



Pmissis defined as & ppir = 1—h/N. The byte hit rati@pyte_nit iS
defined aPpyte hit = (Ficr S(fi))/ (T jers(fj)) and the byte miss

ratio ppyte-missis defined as & ppyte_hit-

Distributed scientific applications anticipated in the teaveral
years would require access to large amounts of data of thes ofd
hundreds of terabytes to tens of petabytes. The envisioretbim

Numerous techniques have been proposed for optimal caehe re of managing and accessing the data is through what is clyrrent

placement all of which are geared towards either maximitireg
hit ratio or the byte hit ratia These techniques generally retain
in the cache either the most frequently referenced objacthen
most recently referenced objects. The former effectiveigte the
least frequently used objedtd,, the LFU-policy), the latter evicts
the least recently used objeck(, the LRU-policy). Algorithms in

web-caching try to minimize thieyte miss ratid1, 14].

Our algorithms are based on an analysis of the problem that ma
imizes the throughput of jobgge., number of jobs serviced per unit

ferred to as data grids where the data repositories are aaéak
in mass storage systems and are accessed from differetibleca
by large communities of scientists. The term data-grid gahe
implies any distributed network infrastructure of storaggources
and repositories of huge amounts of data coming from sdienti
experiments in the following disciplines: High Energy PiogsBi-
ology, Earth Observation Systems and Astrophysics. The isle
to support scientific explorations that require intensieenputa-
tions and analyses of large-scale shared databases addmy w
distributed scientific communities.

time, while also minimizing théyte miss ratio We compare our
results with some earlier works on caching, usinghiie miss ra-
tio as our performance metric for most of the experiments. We als
show how the results are impacted when queues of waitinggabs
taken into consideration.

1.3 Main Results

The main results of this paper are:

1. Identification of a new caching problem, that arises fesdly
in scientific applications that deal with vertically parited
files.

2. Derivation of a new cache replacement algoriti®ptf-ile-
Bundlg, that is simple to implement. Unlike, existing cache
replacement algorithms in the literature, we track fihe
bundlesthat were requested in the past to determine what
combinations of files should be retained or evicted from the
cache. This results in a much lower cache miss-ratio under a
wide range of conditions tested.

3. Results of extensive simulation runs that compareQpe
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Figure 2: An SRM in the Context of a Data-Grid

The role of an SRM is depicted in Figure 2. Its primary func-
tion is both as a proxy server and a reverse proxy server @iogpr
to their specialized usage. For example a disk resource geana
(DRM), manages disk resource only, while a hierarchicabuese
manage (HRM) manages data flow into and out of Mass Storage
. The heuristic algorithnOptCacheSelectised byOptFile- Systems. In either case, it attempts to deliver to a comiputre-
Bundleis an approximation algorithm to an interesting com-  Source the data requested in a timely manner . The file rexjagst
binatorial problem whose exact solution is NP-Hard. Fos thi  batched in the form of jobs and the service rendered is phestr
algorithm, we derive tight bounds from the optimal solution by either the job or the policy of the SRM. There are diffenewid-
and show that the value of the solution produced is a factor €ls for servicing jobs:
of at most(1—e~/9) from the optimal one wherd is the
maximum number of requests that use the same file.

FileBundlealgorithm withLandlord [16] cache replacement
consistently show th@ptFileBundlegives a much lower av-
erage volume of data transfers per request with file requests
observing either Uniform or Zipf distributions.

One File at a Time: This model of service requires that, for each
job, only one of the number of possible files being requested

The rest of the paper is organized as follows. In Section 2 we needs to be serviced at a time and this could be in some de-

present the application environment in the context of a-dath

In Section 3, a greedy heuristic algorithm, call®gtFileBundle
is presented. The theoretical foundation of @gtFileBundleal-
gorithm is presented in Section 4 where characteristichefal-
gorithm, e.g, its bounds from the optimal solution, are discussed.
In Section 5, a simulation of thiéile-Bundle Cachings presented
using theOptFileBundlecaching algorithm. The performance of
our proposed algorithm is compared with one of the best parfo
ing existing caching algorithms that does not use file-bemdi its
replacement decisions. The results of the experimentgedaout
are also discussed in this section. We conclude in Sectioitt6 w

fined order or in any order.

OneFile-Bundleat a Time: The termFile-Bundlerefers to the
set of files that a job expects to be available in cache for it

to run. The job may actually by considered as composed of
tasks (or sub-jobs), where each task requests a file-bundle
and the job completes after executing all its tasks. The num-

ber of files in a bundle,.e., thefile-bundlesize, varies from
bundle to bundle.

An optimal service policy for the first model of service was ad

summary and directions for future work.

dressed in [7]. We consider here tRge-Bundle at a Timavhen

jobs are percieved as a sequence of independent tasksptByal

DATA-GRID AND STORAGE RESOURCE servicewe mean one that either maximizes the throughput of jobs

or minimizes the average volume of data replaced in the cpehe

MANAGERS request



2.1 Related Work File | No of File request
Storage resource managers and component prototypes are al- Requests| probability

ready in service [12, 11]. Techniques for transferring ¢adata f1 2 173

files and database objects over wide area networks have been t f2 1 1/6

subject of extensive research studies for many years iritaigtd f3 2 173

and federated databases [9]. One major idea resulting fneset fq 1 1/3

early works is that improved response times are achieveu exit fs 4 2/3

tensive data replication, caching and data staging [13n§jroxy fe 3 172

servers. A close analogous environment from which one could f7 3 12

draw some experience and relate it to fiie-bundleproblem is

in web-caching. For example, web-caching [1, 14], addriesiies Table 1: File request probabilities

cache replacement policies except that the scale of daga aizd

transfer delays considered are on a much smaller scale tibaa t

3.

in a data-grid environment. Cache contents | Requests | Request-hit
Supported | probability
f5.f6.f7 e 1/6
A CACHING ALGORITHM BASED ON f1.iaf5 r,13.0s 172
FILE BUNDLES f1.fs.fe r3 1/6
The main idea behind our caching strategy is to load the cache f3.f5.f6 5 1/6
with a set of files such that the probability that an arrivieguest fa.fa.f3 - 0

can find all the files it needs in the cache is maximized. We will

illustrate the difference between this strategy and cacholicies

Table 2: Request-hit probabilities

based on file popularity with a small example shown in Fig.&.&

given cache state and a requeste will say that the cache supports

r or alternatively that is a request-hit if all files needed byare retical results about the complexity of the problem and ysislof
found in the cache. the effectiveness of the approximation are given in Section

The OptCacheSeledlgorithm gets as its input a data structure

Example: Letus assume that we have six possible requests, ....rs | (R) containing full information about a collection of all histcal

each associated with one or more files frére= f1, fo, ... f7 requestR. The data structurk(R) is initially empty and gets up-
as shown by the lines connecting requests to their assdciate dated with each request processed. For lack of space weatill n
files in Fig. 3. Further, let us assume that all files are of the present here the exact implementation. @R), which is basically a
same size, the cache can hold only three files, and all six re- hash-table with pointers to other structures, but rathscriee its

quests are equally likelye., a probabilty off thatany ofthe  contents. For each request R that was served by the system we
requests is the next one to arrive. Each row in Table 1 shows store inL(R) the following information:

the probablity of the event that a file is requested by a random ) ) )
request. Note that the sum of probabilities is more than 1 as ~ ® An associated valug(rj). In our current implementation

the events are not mutually exclusive. We note that the most v(ri) is simply a counter incremented by 1 each time this
popular file isfs as 4 requests out of the six possible requests request appeared so far, but it can also reflect requesitprior
need it. This is followed by filegg and f; each needed by 3 or some other measure of importance.

of the requests. Each row in Table 2 shows request-hit prob-

abilities, i.e., the probablity that a random request will find

all the files it needs in the cache under some cache content.

Only 5 cases of cache content out of the 35 cases (possible We need the following additional definitions in the desdopt

ways of choosing 3 files from 7) are shown. We note that of the algorithm. We denote the size of a cachby s(C). For a

keeping the 3 most popular files (row 1 of the table) does not file fj, let s(fi) denote its size and let(f;) represent the number

lead to the largest request-hit probability. The best reque  of requests served by it. The adjusted size of affil@lenoted by

hit probability is represented in the cache of Fig. 3and ley th  S(fj), is defined as its size divided by the number of requests it

second row of the table with a request-hit probability%cris servedj.e, S(f;) = s(fj)/d(f;).

keeping filesfq, f3, f5 in the cache results in a request-hit for The adjusted relative value of a request, or simply its kedat

3 out of the six possible requests. value,V(rj), is its value divided by the sum of adjusted sizes of the
files it requestsi.e.,

o the setF(r;) of files requested by and the size of each such
file.

The previous example illustrates the need for cachingegjies

that take into account request-hits rather than simplehftleased v(rj)
algorithms. We will now proceed to describe our caching algo \/(rj = zis’f
it fier(r;) S (fi)

At the heart of our caching strategy is an algorithm calDgat- The algorithmOptCacheSelect(R),S(C)) attempts to select an
CacheSeledhat determines the files that must be replaced. It takes optimal set of files that fits in the cache in order to serve asub
into account file sizes and request type distributions atidbevide- of Rwith the highest total value. It does so by servicing recgiest
scribed in more detail below. The result produceddptCacheSe- decreasing order of their adjusted relative values skippiguests
lectis a new set of files loaded into the cache that attempt to max- that cannot be serviced due to insufficient space in the crhe
imize request-hit probability. The algorithm is a greedytistic their associated files. The final solution is the maximum betw

that attempts to achieve a good approximation to an NP-hatu p the value of requests loaded and the maximum value of any sin-
lem that is a generalization of the Knapsack problem. Some-th  gle request. The justification for the comparison perfornmeithis



Figure 3: Example of file selection

latter step is given in the proof of Theorem 4.1. The intuntize-
hind usingV'(rj) as a measure for ranking requests is Wét;)
increases with an increase in request popularity and dedser-
ing of its files with other requests. On the other hand, it eases
when the amount of cache resources use# @y) grows.

input : A data structuré-(R) as described above and a
cacheC of sizes(C)

output: The solutionG - a subset of the requestsi
whose files must be loaded into the cache.

Step 0:/* Initialize */

G« @ Ilsetof requests selected

s(C') —s(C); /I s(C') keeps track of unused cache size

Step 1: Sort the requests iR in decreasing order of their

relative values and renumber fram ..., rn based on this

order

Step 2:

fori— 1tondo

if S(C') > s(F(rj)) then

Load the files irF (r;) into the cache
s(C') «—s(C") —s(F(ri)); //update unused cache
size
G—GuUry;

end
end

Step 3: Compare the total value of requests@rand the
highest value of any single request and choose the
maximum.

Algorithm 1: Algorithm OptCacheSelect

// add request; to the solution

Note that in practice we can even do better by recompufifig)
for all requestsj not selected yet (and resorting) following Step 2.
This is done by setting to 0 the size of filesHifr ) that are already
in the cache. The reason for this is that these files will natiimny
additional cache resources. This leads to an increase ustadj
value for requests that share files with the last selectasbsq

We are now in a position to describe the main steps of our ngchi
algorithm, OptFileBundle as illustrated in Fig. 4. Initially the
cache is empty, whenever a new requgsiy arrives all its miss-
ing files (files requested by it but not currently in the cache
loaded into the cache (Fig. 4a). At some point the cache fils u
(Fig. 4b) and a caching replacement decision must be taken ah
new request;new, arrives.

All files requested by new that are not currently present in the

cache must be must loaded into the cache and some other files cu

rently in the cache must be evicted in order to make spacééont
(Fig. 4c). We reserve sufficient space for the new files reiqddsy

K ot Tnew .- Ty
f'm_,” . (- ‘:55;"" fo

(a) Cache Filling Up (b) Cache Full (c) Algorithm Applied  (d) Resulting Cache

Figure 4: The steps of algorithm OptFileBundle

rmew and then call on algorith@ptCacheSeleatescribed above to
decide on the optimal files that must be maintained in the iin
part of the cache to maximize request-hit probability (HBid).

The algorithmOptFileBundleworks as follows:

input : A new requestnew, a data structure(R)
including information about requests
R={ry,...rn}, their values(r;), the sets(r;), a
cacheC of sizes(C) ,F(C) the set of files
currently in the cache, and the siz£$;) of all
files requested by members®f

output: The solutionG - a set of files that must be loaded
intoC

Step 1: ComputeS, the amount of space needed by files i
F (rnew) that are not currently in the cacke
Step 2: Call OptCacheSelect(L(R),s(C)-&)d store its
solution inF (Opt)
Step 3: Load into the cach€ the files inF (Opt)\F (C)
Step 4: Update the data structutgR) with all relevant
information aboutpew

Algorithm 2: Algorithm OptFileBundle

>

4. COMPLEXITY ANALYSIS OF THE AL-
GORITHMS

As OptCacheSeleds attempting to maximize request-hit prob-
ability and the value of each request approximates its @iyl
it follows that the fundamental problem that thptCacheSelect
algorithm is trying to solve can be presented as follows:

Given a collection of reques®= {ry,r,...,rn}, each with as-
sociated value(r;), defined over a set of filds = { fq, f2,..., fm},
each with sizes(f;) and a constarg(C), find a subseR’ of the re-
guestsR C R, of maximum total value such that the total size of
the files needed bl is at mosts(C).

We will call this the File-Bundle Cachindg=BC) problem. It is
easy to show that in the special case that each file is needext by
actly one request theBC problem is equivalent to the well-known
knapsack problem. The cacieis the knapsack and its siz&C)
represents the knapsack capacity, each request corresfmmaah
item of valuev(r;) and weight equal to the total size of the files
needed by, i.e, size of F(r;). It is more interesting to note that
the FBC problem is NP-hard even for the restricted case that each
request has exactly 2 files of equal size. This is done by t&guc
from the Dense&k—subgraph (DKS) problem [4]. An instance of
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the DKS problem is defined as follows: Given a grapk- (V,E)
and a positive integek, find a subseV’ C V with |V/| = k that

maximizes the total number of edges in the subgraph induged b~ V(OPT) —v(Gj_1) = Z V(rm)

V’. Given an instance of a DKS problem, the reduction to an in- e

stance of~BC is done by making each vertexc V correspond to v(ri) v(ri)
afile f(v) of size 1. Each edg,y) in E corresponds to a request < == Z Y(Fm) < 54=+S(C).
for two files f (x) and f(y). A solution to theFBC instance with a s(F) mioPT (Fi)

cache of siz& corresponds to a solution to the instance of the DKS
where thek files loaded into the cache correspond to vertices of the The last inequality follows from Lemma 4.1. Usingi) = v(G;j —
subgraph/’ in the solution of the DKS instance. We also note that V(Gj_1) and substituting in 1, the result follows[]

any approximation algorithm for tHeBC problem can be used to

approximate a DKS problem with the same bound from optimalit LEMMA 4.3. We have that (G| always satisfies the follow-

Currently the best-known approximation for the DKS probl@h ing condition
is within a factor ofO(|V|¥3~¢) from optimum for somee > 0. I+1 3
It is also conjectured in [4] that an approximation to DKS it v(Giy1) > [1 |_| (1* —) Vv(OPT).
factor of (1+¢) is NP-hard. Let us defing as the maximum num-
ber of requests that need the same file. For example in thensyst PROOF The proof is by induction. We need to show that
described in Fig. 3l = 4 asfs is used by 4 different requests. In () (F
Section 4.1 we present some mathematical analysis thagptbat v(Gy) > {1_ (1_ 1 )} v(OPT) = 71V(op-|-). 2
the total value of the requests Ioaded(bthacheSeIedB within s(©) s(C)
a factor of at mosfzL 1-eVd)~ (1 (1-1/d)= 2—1d from the The algorithmOptCacheSeleatelects the request with the max-
value of an optimal solution. imum adjusted value over all requests,,
4.1 Analysis of bounds from optimality of the vir) o Mtm) o opt
approximation s(F1) — s(Fm)
For a set of requests, let v(G) denote the total value,e., It follows that

V(G) = S, V(r). Let OPT denote the set of requests selected by
the optimal solution. Let denote the number of iterations made > > 7
by algorithmOptCacheSelectintil a request fronOPT is rejected (Fu) pr S (Fm) s(C)
because of insufficient space in the cache. Assuming thatgiur The first inequality of (3) uses the fact that far,bi > 0, if
the firstr iterations,| requests are added @, we can renumber a/b>a /b for1<i<n, thena/b> 3" a/5", b. The second
the request$ry,ro,...1, 141} so thatr; is theit" request added to uses Lemma 4.1 and the definition \IgiloPT) :ermeopTV(rm)~

G and requesty 1 is in OPT but rejected byOptCacheSeledue Equation 2 follows since by definition(Gy) = v(r1). Fori > 1,
to insuffient space in the cache. Lgtdenote the iteration when

V(rl) > % V(rm) > V(OPT) (3)

7

request; is considered V(Gi) =V(Gi-1) + (V(Gi) —V(Gi-1))- (4)
LEMMA 4.1. Using Lemma 4.2 on the right side of equation 4, we get
9(F
S S <s0) VG) > W(G1)+ S (WOPT) ~v(Gi 1)
rmcOPT s(C)
PROOF. The Lemma claims that the total adjusted size of files _ ( 5'(F|)> V(Gi_1)+ s(R) V(OPT).
loaded byOPT into the cache is smaller than the the cache size. s(C) s(C)

Let Copt denote the the set of files loaded into the cach@®By.

Then Applying the induction hypothesis &(G;_1) in the rightmost ex-

pression of 5 and rearranging we get

s(Fj) <s(C). i
fﬁ%m 1-M (1— —‘iﬁé‘?) v(OPT);
On the other hand k=1
% _ Zm d(Fj)g Z d(f,—)d(f,—) as required.
"meOPT A fCopt LEMMA 4.4. Letd be the maximum degree of a file F, then
s(fj) I+1
= d(fj) =% = s(fj). dy d(R)>sC
2 e = 2 3 $(F) > 50)
The firstinequality follows from the fact each fifg in the cache PROOF. The request|; was rejected because there was not
is accounted for at most(f;) times in the first two sums. The enough space in the cacBe Hence we have
second inequality follows directly from the definition¢f;). O 141 41 I+1
dy d(R) d s(f;) >s(C
LEMMA 4.2. After each iterationji =1,2,...,1+1, 21 ) 21 %:. 21 %:. i)
(R
VO VG 1)z (P MOPT Gy @

. L . . LEMMA 4.5. v(G satisfies
PROOF Afteriterationj;_j, the maximum adjusted value among (Gita)

all requests IMOPT\G;_1, (i.e., requests iOPT but not inG;_1) V(Gi11) > (1—e Y9)v(OPT).



PROOF Using Lemma 4.3 and Lemma 4.4, we get

i d(a))
V(G > |1- 1-——= ]| v(OPT
G > [ M (:-5e) | v
1+1
> [1 M <1i(17':k)> V(OPT)
K=1 dyit1s(R)
Using the fact thaﬂ:j:ll(l— %) is maximized when all

s (Fk) are equali.e,,

I+1
(R) = l'ﬁ,\ﬂgkglﬂ;

we get
1+1
V(G|+l) > |:lk|j|l (l*d(l—il)) V(OPT)
1+1
> 1- (1—d(|71+1)> v(OPT)
> (1—e Ydyy(oPT).
([l

THEOREM 4.1. The total value of requests supported by the
cache as loaded by algorith®@ptCacheSeleds within a factor
of 1/2(1— e /%) of the optimal value of @PT).

PROOF Let the maximum value request he with valuev(rt).
Thenv(ry) > v(r.1). Consequently,

V(G1)+V(r) > V(G) +V(r141) =V(Gi11) > (1—e Y)v(OPT).

Algorithm OptCacheSeleqgtroduces a solution that is larger than
the maximum betweew(G ) andv(rt) (See Step 3 of the Algorithm
OptCacheSelekt So the value of this solution is at least2{1 —

e Ydy(OPT). O

We can show that methods similar to the ones used in [6] can
improve this bound by a factor of 2 {d — e /9) at higher com-
putational cost. This is done by constructing a candidaligisa
consisting of selecting requests for some small fixédk =2 is a
valid choice) and complementing it by runni@ptCacheSeleain
the remaining space in the cache and remaining requestatirite
this procedure over all possible choiceskatquests and selecting
the solution with highest value among all these candiddtgieas

mesaure cache sizes by the number of requests that can be-acco
modated in the cache. This is a slight departure from thergéne
method of reporting results in which the absolute cacheisizgec-
ified.

input : A new requestrnew, a cacheC of sizes(C), F(C).
the set of files currently in cache.

output: The solutionG - a subset of the files iR (C) that
must be evicted from the cache to make room fo
Mew-

Step 0: Maintain a value credf] € [0, 1] with each itemf
in the cache.
Step 1: ComputeS, the amount of space needed by files i
F (rnew) that are not currently in the caclie
Step 2: ComputeF (C') = F(C)\F (rnew), the subset of
files in cacheC which are not requested byew.
Step 3:
while S(rnew) > S(C) —s(F(C)) do

for f e F(C')do

Find the minimum credit;

end

Decrease all credits by the minimum credit;

Evict from the cache the subset of iterhsuch that

crediff] = 0;
end
Step 4: Bring F (rnew) into the cache andg € F(rnew) set
credifg] < 1;

>

Algorithm 3: Algorithm Landlord

5.1 Workload Characterization

Although file-bundle is the mode of file request in most data
intensive scientific analysis, efforts have not been madietive

workload traces and logs of caching activities. The logesanain-

tained by most scientific centers are mainly for one file atre tie-
quests. Even in web-caching environments, the log traeestar
on per file basis.

In the absence of runtime measured workload charactes;stie
constructed a simulated workload consisting of a given sgis,

with each job requesting a random number of files from the pbol

available files. The parameters chosen for our simulateéloaxd
are as close as possible to observed real experiments ghsinlgle

file requests at a time. Given a defined cache size, the sizachf e

file was generated randomly between a minimum size of 1IMB and

a maximum size expressed as a percentage of defined cache size
that varied from 1% to 10%. The set of files requested by edth jo
was chosen randomly from the list of available files such that

total size of the files requested was smaller than the totaledote

cache size. Each simulation run consists of submitting aoeurof

jobs (typically 10000) in order to study the effects of theimas
parameters.

results in the above improved bound.

5. THE SIMULATION MODELANDITS EN-
VIRONMENT

We designed a simulation model to explore how@pFileBun-
dle algorithm compares with thieandlord algorithm [1, 16]. For
that purpose, we implemented a versionLahdlord where each
job makes a request for a set of files rather than a single file as
the original implementation. The implementation is desedi be-
low in Algorithm 3. The simulation prograncacheSimwas writ-
ten in C+ with extensive use of STL. Using a cluster of two 1.6
GHz dual Opterons with 2GB of RAM each, we ran a large number
of experiments to study the behaviour of the proposed alyos

5.2 Simulation Parameters

There are several parameters that can be varied to obséere di
ent effects on the performance measures. We describe satine of
major ones varied in our simulations:

Request Size: This refers to the total size of files needed by a re-

for different combinations of parameters. These experimeon-
sumed over 1000 hours of CPU time. The main performance enetri
used is théyte miss ratiand this was observed for different work-
load distributions, and varying cache sizes. We note hexevtie

quest. Assuming a cache of a fixed size, the average request
size determines the number of requests that can be supported
in the cache at any given time. The more requests that are
already in cache, the more likely that files requested by an



incoming job are already present in cache. Conversely, as- requests coherent tl@ptFileBundleminimizes the amount of data
suming a given request size our results translate to stgdyin that needs to be moved into the cache.
the effect of varying the cache size. The overall effect of varying the request size (and imgiidite
cache size, when we consider that for any given request lseze t
Popularity Distribution:  The popularity distribution of requests  cache size can be expressed as the request size times therrafmb
for typical workloads is hard to characterize in the casdef fi requests served by the cache) is shown in Fig. 8. As the cache i
bundles since each request draws a random combination of gpje to serve more requests the amount of data moved intathe c
files and two requests are identical only if their file reqsest  for each request decreases. Two factors contribute tofflistel)
are the same. As a result we examine the effects of the two the number of files common to all the requests present in dache
extreme distributions: a purely random distribution, and a creases, thus minimizing the amount of new data that neebs to
Zipf distribution. brought into the cache, and 2) the likelihood of often seemests
to be already in the cache increases. The first factor dogsnat
for a random distribution as shown in Fig. 8(a) while the s&co
one dominates for the Zipf distribution in Fig. 8(b). Additally,
by increasing the number of requests in cache, the numbes-of r
quests considered by tt@ptFileBundlewhen making a decision
as to what requests to keep in cache also increases, thusvimgpr
slightly the efficiency of the algorithm as was shown in Fig. 5
Another set of experiments we performed involved aggragati
the requests in a processing queue of varying length insteg-
cessing each request in first come first serve (FCFS) ordere On
the queue is full, we first serve the request of highest relatalue
in the queue usin@ ptFileBundleand repeat this process on the re-
maining requests in the queue until it becomes empty. F&.&{d
Fig. 9(b) show the effects of varying the processing quengtlte
from 1 to 100 (shown as q1,95,..,q100) for incoming randoh an
Zipf request distributions, respectively. The effect okging in-
5.3 Simulation Results coming requests is minor for uniform request distributionl she
small increase in efficiency doesn't justify the additionampu-
tational costs in this case. However, the effect of queusngnore
significant for Zipf request distribution as a queue of si@8 tre-
ates a much lowebyte miss ratioas compared to smaller queue
sizes.

Incoming Queue Length: Instead of processing a job in first come
first serve order, one can also consider aggregating the jobs
in an admission queue of a given length, and admit the next
job to be processed according to some fair effective schedul
ing algorithm,i.e., one that avoidsequest lockoubut at the
same time minimizes thigyte miss ratio

Request History Length: As shown in this paper, th®ptFile-
Bundlealgorithm determines the optimal requests to be loaded
based on the history of all requests ever made. Computation-
ally this gets to be expensive as the number of requests in-
creases. We studied the effect of truncating the historgtten
to consider only the requests supported by the cache while
obtaining the request popularity and the degree of file shar-
ing from the global history.

We present some results of simulation runs with variability
some representative parameters such as varying cachendizifa
ferent request distributions.

Computational costs for each iteration are a function of ynan
factors, but depend strongly on the average number of ré&xjues

served by the cache, and for tBptFileBundlealgorithm by the
number of requests in the history. As the number of requests i 6. CONCLUSION AND FUTURE WORK

creases, the computational costs become expensive. Aswach We have presented thite-bundle cachingroblem that arises
studied the effect of truncating the history length. A virief ap- frequently in scientific applications where jobs need tapss sev-
proaches were explored, from arbitrarily limiting the bistto the eral files simultaneously. Unlike traditional approachesdisk

requests in the cache to a full history of all requests evecgssed cache replacement where one file is requested at a time,rtihis p
being retained. As shown in Fig. 5, the effects of such trtiona lem requires that a set of files be cached simultaneouslyerGiv

are negligible, and subsequent simulations were run usihgtbe such a request stream, and a defined cache size, the question i
truncated history limited to the requests in the cache. apsoach which set of files in the cache are to be replaced so thabyte
has the advantage that, for a given set of parameters, catignal miss ratiois minimized. We have presented a greedy heuristic al-
costs stay constant per iteration. gorithm, OptFileBundle that determines the set of files that are
The first set of experiments performed involved job poptjari  evicted at each request admission. In particular we shokegdat
distributions. A random (or uniform) popularity distrilion means each instance of a request arrival, the set of files replagetieh
that every request from the pool of available requests iglgqu algorithm, gives a solution that is within a factor (@f—e~1 d) of
likely to be requested, whereas Zipf’s distribution assigrproba- the optimum, wheré is the maximum number of requests per file,
bility of selection proportional t(% to theit" most popular request.  andeis the base of the natural log. The solution has particutgr si
In addition, we varied the size of the incoming requestsicily nificance in establishing policies for Storage Resource ddars
varying the size of the cache. and similar software that service file requestgy, Storage Area
Figures 6(a) and 6(b) compare thgte miss ratiofor random Networks SANs and other storage request brokers in datasivie
and Zipf request distributions. In both cases the cachaceptent grid environments.
based orOptFileBundlealgorithm outperforms theandlord algo- We also presented simulation results that support the exfityi
rithm in the sense that the byte miss ratio is lower. OyFile- of our cache replacement algorithms. Tlandlord cache replace-
Bundleincreases the value of each request by its popularity thus in ment algorithm is one of the best known for disk file caching- U
creasing the likelihood of popular requests of staying end¢ache. ing thebyte miss ratias the performance metric, we compared the
The efficiency of the algorithm for a Zipf distribution wheaasmall OptFileBundleandLandlord under varying simulated workloads of
set of requests occurs with a high frequency is higher toftirea request streams and cache sizes. For both uniform requiestsns,
uniform distribution, as expected. The superiority@tFileBun- i.e,, one in which every request is equally likely, and Zipf resjue
dle over Landlord is even more significant for smaller file sizes as distributions we find thaDptFileBundleconsistently gives a lower
illustrated in Figures 7(a) and 7(b). The smaller the filesjzhe value ofbyte miss ratidhan theLandlord Furthermore, the val-

more requests are being served by the cache and by keeping thelies of thebyte miss raticare much lower for Zipf's distribution of
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requests than for random distributions.

Future work will address the incorporation ©ptFileBundleal-
gorithm in an actual Storage Resource Manager systemsndyrre
under development at our lab. We intend to also extend thi& wo
to include cases when the processing time (duration of torre-t
tain the file in the cache for processing) and the transfeegiof
files into the cache are also considered. The case of a hytealie
tion model is also of interest where we have a mix of jobs sofme o
which execute according ©ne File at a Timenodel while others
execute according to tHéle-Bundle at a Timenodel.

Acknowledgment

This work is supported by the Director, Office of Laboratogl-P
icy and Infrastructure Management of the U. S. Departmeimnsf
ergy under Contract No. DE-AC03-76SF00098. This reseased u
resources of the National Energy Research Scientific Cangput
(NERSC), which is supported by the Office of Science of the.U.S
Department of Energy.

7.
(1]

REFERENCES
P. Cao and S. Irani. Cost-aware WWW proxy caching

algorithms. INUSENIX Symposium on Internet Technologies
and Systemd997.

[2] A. Chervenak, I. Foster, C. Kesselman, C. Salisbury, and

(3]
[4]
[5]

(6]

[7]

(8]

[9]

[10]

[11]

[12]

S. Tuecke. The data grid: Towards an architecture for the
distributed management and analysis of large scientific
datasets]. Network and Computer Applicatior3(3):187 —
200, 2000.

ESG:. The Earth System Grid,
http://www.scd.ucar.edu/css/esg/.

U. Feige, D. Peleg, and G. Kortsarz. The dense k-subgraph
problem.Algorithmicg 29(3):410-421, 2001.

U. Hahn, W. Dilling, and D. Kaletta. Adaptive replacenten
algorithm for disk caches in hsm systems1BInt'l. Symp

on Mass Storage Syspages 128 — 140, San Diego,
California, Mar. 15-18 1999.

S. Khuller, A. Moss, and J. S. Naor. The budgeted maximum
coverage probleminformation Processing Letters
70(1):39-45, 1999.

E. J. Otoo, D. Rotem, and A. Shoshani. Impact of admission
and cache replacement policies on response times of jobs on
data grids. Irint'l. Workshop on Challenges of Large
Applications in Distrib. EnvironmentSeatle, Washington,
Jun., 21 2003. IEEE Computer Society, Los Alamitos,
California.

E. J. Otoo and A. Shoshani. Accurate modeling of cache
replacement policies in a data grid.14th NASA Goddard
Conf. on Mass Storage Syst. and Tech. / 20th IEEE Symp. on
Mass Storage SysSan Diego, California, April 7 - 10 2003.
T. T. Ozsu and ValdurieZRrinciples of distributed database
systemsPrentice Hall, Upper Saddle River, N.J., 2nd edition,
1999.

PPDG:. The Particle Physics Data Grid,
http://www.ppdg.net/.

A. Rajasekar, M. Wan, and R. Moore. Mysrb & srb -
components of a data grid. Trhe 11th Int’l. Symp. on High
Perf. Distrib. Comput. (HPDC-11Edinburgh, Scotland, Jul.
24 - 26 2002.

A. Shoshani, A. Sim, and J. Gu. Storage resource magsager
Middleware components for grid storage.loth NASA
Goddard Conference on Mass Storage Syst. and ;TApin.
15-18 2002.

[13] M. Tan, M. Theys, H. Siegel, N. Beck, and M. Jurczyk. A
mathematical model, heuristic, and simulation study for a
basic data staging problem in a heterogeneous networking
environment. IrProc. of the 7th Hetero. Comput. Workshop
pages 115-129, Orlando, Florida, Mar. 1998.

J. Wang. A survey of web caching schemes for the internet
In ACM SIGCOMM’99 Cambridge, Massachusetts, Aug.
1999.

K. Wu, W. S. Koegler, J. Chen, and A. Shoshani. Using
bitmap index for interactive exploration of large dataskts
SSDBM’2003pages 65—-74, Cambridge, Mass., 2003.

N. Young. On-line file caching. ISODA: ACM-SIAM
Symposium on Discrete Algorithms (A Conference on
Theoretical and Experimental Analysis of Discrete
Algorithms) 1998.

[14]

[15]

[16]



