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Abstract

In this paper we investigate the composition of cheap network storagarcesoto meet specific availability and capacity
requirements. We show that the problem of finding the optimal composiioaviilability and price requirements can be reduced
to the knapsack problem, and propose three techniques for efficiemipdi approximate solutions. The first algorithm uses a
dynamic programming approach to find mirrored storage resouareBidgh availability requirements, and runs in the pseudo-
polynomial O(rn?c) time wheren is the number of sellers’ resources to choose from aisda capacity function of the requested
and minimum availability. The second technique is a heuristic which findsires® to be agglomerated into a larger coherent
resource, with complexity a®(n logn). The third technique finds a compromise between capacity and availabiliigh(wn our
phrasing is a complex integer programming problem) using a genetidtalgoThe algorithms can be implemented on a broker
that intermediates between buyers and sellers of storage resouitaidy, fve show that a broker in an open storage market,
using the combination of the three algorithms can more frequently meetecgests and lower the cost of requests that are met

compared to a broker that simply matches single resources to requests.

Index Terms
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I. INTRODUCTION

There is an abundance of unused storage resources contedtedinternet. There are also a number of users who would
benefit from the ability to rent network storage, providedttthe required size and performance characteristics ate me

To make use of these idle resources, and to create oppgrfanitommercial providers to bring new storage servicesenl|
an open marketplace is needed to help connect buyers tossaiewell as to establish prices. This market approach tb gri
computing is emerging as a popular paradigm in the liteeat@rbuyer in this economy would like to meet his availabikiyd
capacity requirements with the lowest cost solution pdssiowever, there might not be an exact match for the remergs
of the users in the pool of available resources. To solve gthiblem, we propose a model in which the user assembles a
resource of desired capacity and availability by combimiegpurces which, individually, do not satisfy the useriguieements.

Note that a similar technique is used in local resources siscRAID arrays. The various RAID levels such as RAIDO
(striping), RAID1 (mirroring), and so on are just differemfys of combining storage resources to meet the storagabitity,

performance and cost demands. Our approach extends thisl neod dynamic networked environment.



Our objective is to design a broker-based architectureHerdfficient allocation of the resources. As the optimal comp
sition problem has a non-polynomial complexity, we arerggéed in finding efficient approximate algorithms, with rasd
computational requirements.

This paper is organized as follows. In Section Il, we disaussent work related to utilization of spare computatioaat
storage resources, as well as the economics of trading ayidgbresources in a grid environment. In Section Ill, we éduice
an algebraic and graphical notation to express compositfastorage resources based on availability, capacity aistl to
Section IV, we use the notation to analyze the complexityplved in these resource optimization problems. In Sectipn V
we describe a series of resource allocation experimensstoour algorithms, along with results and a discussioralfyinin

Section VI, we discuss future enhancements to our work.

1. RELATED WORK
A. Redundant and High Performance Distributed File Systems

With the popularity of cluster computing and network conipgit many storage systems have been designed to offer high-
performance and reliable storage by pooling together samall less-reliable commodity components.

In [1], an architecture called ClusterRAID is designed faghhreliability and integrity data storage using nodes ofuster.
Redundancy information of an individual node’s data isedioin such a way as to maximize reliability and availabilitsile
minimizing network bandwidth. In the case of a node failule data can be reconstructed on any spare node. The use of
Reed-Solomon algorithms allow the user to specify how majt$ can be tolerated. A similar system, netRAID [2], uses a
RAID3 style storage scheme, and is able to rebuild onlindhéévent of a node failure.

The Cluster File System (CFS) [3], presents a solution fetrithuted video storage, aiming for high reliability, lowst and
transparent use. The video streams are stripped acrosedes,rfollowing the RAID paradigm. The system has the optibn
using additional parity blocks (analogous to RAID5) to allthe system to recover from the failure of a single node. GFS i
unique in that it is optimized for the delivery of sequentiaeo content and in the fact that the storage nodes mortitor t
neighbors storage node to pinpoint failure.

These systems make use of RAID-style redundancy conceptadb reliability and availability, but concentrate on ster
environments as opposed to the grid/distributed envirantsnexplored in this work. In a cluster environment wheretlad

nodes are owned by the same entity there is no need to impteangtiorage market.

B. Grid Sorage and Computation

Traditional cooperative grids, where resources are poslgdn or among organizations, need to schedule resourcesys
that are both efficient and redundant.

[4] presents a system for allocating fragments of databasgsovide high-bandwidth, high-parallelism and hightsagable
access and processing. The sites are grouped by commanicgiged, and fragments are allocated in a way that reduees th

computational cost of the potential access to the data. ikthey of the fragments provides the increased availgbiliis



system, however, is not intended for resources that nee@ foubchased from providers, and does not attempt to minimize
replication through monitoring of availability.

The Athena system [5] explicitly accounts for reliabilitylboth node and links in a computational grid to tune the parémce
of a grid application. Athena performs a series of graph cadn algorithms to simplify the search for efficient transsimon
and execution paths. When a node wishes to run a program orcéicpata set, Athena will use these graph reductions to
calculate the most efficient path to transfer the data andfitienal nodes on which to execute the program, accounting fo
the reliability of the nodes and links. At runtime, it can nheelect the optimal path that is most likely to result in aficieit
execution. While Athena was shown to be effective for execuitn this environment, it does not explicitly account foicprg.

It is not meant to allocate the data blocks, but merely to heeatready allocated data blocks most efficiently.

C. Volunteer Computing and Storage

The pooling of spare resources across the Internet, waedtay highly specific computational projects such as disted.net
[6] and SETI@Home [7]. Over time, more generalized framdwarere developed, such as BOINC [8] and Bayanihan [9].
These systems are based on “volunteer computing,” usinge sganputation and storage resources to run important grand
challenge type problems, typically from scientific disgigk.

However, the problem with volunteer computing, is that arusay submit false or corrupt data; a user may be highly
motivated to make it look like he has done a lot more than headlgt has. In [9], the author of the Bayanihan project
discusses the idea of sabotage-resistant computing, girgptwo ideas for combating this. The first is voting with Nodalar
redundancy. It is obvious that re-doing a computation bexowery expensive. The second idea includes spot checkiting wi
blacklisting. That is, check the solutions randomly, andoig the results of those who do not pass the checks.

Freenet’'s [10] primary purpose is ensure a confederatedgdonetwork that is resistant to being shutdown. Spare hard
drive space and spare network bandwidth is utilized to stiereentralized web content. The content that is uploadetiito
overlay network is replicated or replaced on the nodes ipgnon to the content’s popularity. GNUnet is a similartdisuted
storage project, intended to back up an individual users finto the network [11].

The success of these projects has shown that both orgamgadis well as individuals possess spare computational and
storage resources, and the contribution of such resounckesge projects is technically feasible. However, whendhuistic

motivation does not exist, it needs to be replaced with arést based motivation, that is, with an economics of gsdueces.

D. Grid Economics

To achieve an efficient usage of spare computing resourcesffigient grid resource market, with sufficient liquidity i
needed. Just like the stock of a company can be bought or saldyninstantaneously, the participants in the computatio
resource market should be able to buy the desired resouthewvithe need for complex search or negotiation.

Buyya, Abramson and Venugopal [12] discuss the shift fromystesn centric view of grid resource allocation, where
parameters like throughput and utilization are optimizeda view of the grid that takes the value of resources int@act

They review the different economic models that have beeroexg in the context of grid resource allocation, including



commodity market models, posted price models, bargaintegtract-nets, auctions, cooperative bartering, monopoid
oligopoly.

The models and outlets for the future grid economy are stiflstablished, and it is not clear what the community willgdo
However, much of the research into economic grid resoudoeatlon makes reference to some sort of broker ( [12]-[2H a
others), suggesting that, no matter what the future grich@cry looks like, brokers will play a significant role. At l¢as the
infancy of applications that consume grid resources, atlng its own resources will place unnecessary strain angptaxity
on the system, which could be much more easily handled by eated broker.

Because of the clear need of a broker, much research hagaxtr@teund developing a broker architectures and markets.
Gridbank [16], implements GASA (Grid Accounting and SeedcArchitecture), which provides a variety of accounting an
payment functions for resource brokering on the grid. ltsuseservice-oriented architecture to support grid appiinat and
keeps a database of producer/consumer accounts, andaesmage records. These usage records can help resouremov
estimate prices for their resources. Gridbank supporeethifferent types of payment methods including pay befees pay
as you go, and pay after use.

In [18], and [17], the authors present two complementaryesys for economic resource allocation on the grid. The CPM
(Compute Power Market) is intended to apply to low-end systewhile GRACE (Grid Architecture for Computational
Economy), is intended for high end grid computing. For botsteams, there are three entities, a market, a resource roensu
and a resource provider. The resource providers registarthhé market and download a Market Resource Agents. Sigitae
resource consumers download a Market Resource Brokeiinteaacts with the market. The market itself mediates, ity
charging a fee.

In [13] a simple directory service called Grid Market Direct is deployed to allow both application and human users to
browse and query available services by type, price and m#mr @riteria. Future applications, for instance, lookfog an
image rendering service would find the lowest cost serviak employ that service in the application. In [19] the prombse
system offers different pricing schemes for general resi(such as CPU-time and storage) and specialized resosteeh
as access to a scientific instrument.) The system splitdgems/into groups, each coordinated by a separate brokerbiidkers
then coordinate to determine pricing for the resources. Sgezialized resources are priced through a double-auction

The SX (Storage eXchange) system in [15] acts as a storadrerbmalowing storage to be a tradeable resource. SX uses
a double auction market model for open market trading andl @lsws storage to be exchanged. The system brokers storage
requests by taking into account capacity, upload/downtagel and time frame of the storage reservation. The autitersnany
other criteria that should be taken into account, includiagurity, high-availability, fault-tolerance, reputatj consistency and
operating environment.

Even though these architectures can match up resourcermerstio providers, there is still the problem that none of the
providers may be reliable enough, or have the correct sdalesources needed. For instance, if a pool of desktop users a
providing the resources, then it is difficult to find enougbrage or CPU power for large applications. Ideally, the raarrk
could compose disparate resources (storage, CPU) inteseziones.

Because grid resources can be an unreliable and interinitgsource, there may be a need for the broker or market to



compose a complex resource out a collection of simpler grsburces.

Mariposa [14] aims to execute database queries acrosgbdtstt servers, using an economic framework. Each clietit wi
a query specifies a budget for the query, which is then passedbroker. The broker communicates with the various data
servers, who can trade data and queries at will. When thergdaliocesses completes, queries are finally executed arddas
back to the user.

Oceanstore [22] aims to build a data storage infrastruatareintrusted servers, using both redundancy and cryptbgrap
It is built around a market concept whereby users would payoathty fee for persistent and reliable storage. This would
be supported by storage providers, at various locations witnadd trade storage resources among themselves. The ypetot
implementation of Oceanstore employs both Reed-SolomdnTamado algorithms for encoding redundancy.

While Mariposa and Oceanstore compose the necessary resduotn professional providers, they are not intended for
millions of desktop web users to contribute resources.viddal resources, e.g. desktop PCs, must be composededitfer
than professional service providers. There must then blcéxgccounting for availability. The proposed brokeriafgorithms

aim to address these shortcomings, to open up to a largeflstllers.

IIl. AN ALGEBRA OF STORAGE RESOURCECOMPOSITION

The idea behind this paper is that users requests for stevibearbitrarily high capacity and availability requirentecan
be satisfied through the appropriate composition of cheagmurce components which, on their own, do not meet these
requirements. However, we need appropriate guaranteea #pecific composition indeed meets the requirements. ditiad,
we need an appropriate method to find the cheapest resoumggosiion which satisfies a certain set of requests. To aehie
this, we need a way to formally describe and manipulate caegstorage resources, that is, we needrealgebra of storage
resource composition. Table | summarizes the notations used in the remainder sfsagtion.

We consider a simple or composed storage resource to bectdrdad by its capacity and availability. We define avaligb
as the probability of successful resource access. We asthah@ broker has control over a set of resourBesi = 1...n,
each with a known capacit¢'(R;) and availability A(R;).

A user requests resources from the broker by specifying ehjeested capacit¢'(R,.,) and availability A(R,.,). These
values are determined by the user based on the requirenfdnssapplication. A user will naturally accept a resourcachithas
higher capacity and/or availability. The broker can sgtible resource request in four different ways. In the sintpdese, the
request is satisfied with a simple resourg;,., which has the propertd(Raiioc) > A(Rreq) aNdC(Raiioe) > C(Rreq). The
other three approaches are based on combididigtinct storage resources through additive compositibfi (R, ... Ry... Rq)),
redundant compositionRC(R;...Ry...R4)) or distributed error correction{EC(R;...Ry...R4)) to produce a composed
resourceR omp-

Our approach took inspiration from Reliability Block Diagns, adapting them to the concept of availability of distielo
storage resources. The underlying assumption is thatdail[23] in individual storage components do not stop theraijmmn
of other components.

Additive composition combines two or more smaller resources into one larger olidhé involved resources are required



TABLE |
NOTATIONS FORANALYSIS

Notation Description

Set of storage resources, each labelgdvherel <+ < n. EachR; storage
resource includes a capacity, an availability and a price. There is only one
resource per network entity even though it may be divisible.

=

C(Ry) Gives the storage capacity of the resoufte

A(Ry) Gives the availability probability of resourdg, 0 < A(R) <1

P(Ry): Price per unit of storage for a storage resource.

Ryeq A description of the resource required by the user.

Reomp The resource being composed by the broker for the requesting user.
d Number of resources chosen to be partR,..p.

n Number of resources accounted for in the broker.

AC(Ri1...Rg...Rq) The result of additive composition of resourcBs through R;.
RC(R:...Ry...Rq) The result of redundant composition of resourégsthrough R;.

DEC(R;:...Ry...Rq) The result of distributed error composition of resourégsthrough R;.

to be available for the full storage resource to be conslavailable. The capacity and availability of an additivebmposed
resourceR comp = AC(R;...Ry...Rq) is given by the following formulas:

d

C(Rcomp) = ZC(Rk)
k=1

d

A(Rcomp) = HA(Rk)
k=1

To additively compose a resource, the sum of the storageeimetbources must be greater than or equal to our desiredystora
and the product of the availabilities must be greater thaequal to the required availability.

As an example, suppose there are two available storagercespz; with 0.7GB and an availability of 0.95 an@l, with
0.3GB storage and 0.98 availability.

Therefore if both of these resources are uged?.o,p) = 0.7GB+0.3GB = 1.0GB and A(Romp) = 0.98(0.95) = 0.931.

R1 R2
| (Data Data
A B

Fig. 1. Diagram of an additively composed resource.

Redundant composition is used whenever the user requires higher availability tiffered by the currently available storage
resources. For this kind of redundancy (known as N-mod@dumdancy) only one of the resources is required to work for a
user to be able to access his data. When composing a redunideagesresourcell .., = RC(R;...Ry...R4), the capacity

is constrained and the availability is given by
O(Reomy) = min (C(Ry))

d
A(Rcomp) =1- H (1 - A(Rk))
k=1

As an example, suppose there are two available storagercesoR; with 1.0GB and an availability of 0.8 anf®; with

1.5GB storage and 0.85 availability. Therefore if both &g resources are us€t{,Ro,,) = min(1.0GB,1.5GB) = 1.0GB



and A(Reomp) =1 — ((1 —0.8)(1 — 0.85)) = 0.97.

——

R1 R2
Data Data
A A

Fig. 2. Diagram of a redundantly composed resource.

The Distributed Error Correction (DEC) is analogous to the RAID5 disk drive composition method.sTimiodel must be
composed of at least three resources. All but the last res@iores some portion of the data. The last resource stwesQR
of all of the other stores. In this way, the system can losecagyresource and still provide the data to the user. Foradibiy/
all or all but one of the resources must be available. Theggftomposing a DEC resourcBeomp = DEC(R;...Ry...Rq),

with d individual resources, requires that

C(Rcomp) =(d-1) kr:rlli.?d(C(Rk))

d d d,j#i

AReomp) = TTAMR) + Y [ (1= A(Ry) T AR))
k=1 j=1

k=1
As an example, suppose there are three available storagerces,R; with C(R;) = 0.7GB and A(R;) = 0.8, Ry with
C(R2) = 0.6GB and A(Rz) = 0.85 and R3 with C(R3) = 0.9GB and A(R3) = 0.78.
If all three of these resources are combined into a DEC resoUl( R omp) = 2min(0.7GB,0.6GB,0.9GB) = 1.2GB.
For availability, A( Reomp) = 0.8(0.85)(0.78) + (1 —0.8)(0.85)(0.78) + (1 —0.85)(0.8)(0.78) + (1 —0.78)(0.8)(0.85) = 0.9062.
|

R1 R2 R3
A

Datal Datal XOR
A B B

\
2/3

Fig. 3. Diagram of the DEC resource. In this instance, thteeage resources are represented, with a reliability biiieigram symbol representing the
requirement that 2 out of 3 be operational.

It was previously stated that the user determines the réegi@ssource capacity and availability from the requiretserfi
his application. However, every application runs bettathvhiigh capacity, highly available resources. To prevemtiegtions
requesting large amounts of resources with minimal benefiesdistributed storage system needs to implemerdgcanomic
model. While the details of the economic models vary, all of thenalglsth incentives for the clients to request resourceseclos
to the actual needs of the applications and, for the brokeentives to satisfy the requirements as inexpensivelyoasilple.

The brokers task, to satisfy as many requests as possibteddowest possible price is the central challenge of théegys



IV. RESOURCE ALLOCATION ALGORITHMS

Our system assumes that a centralized broker mediates dretive buyers and the sellers of the resources. As partiés wit
resources to sell first come online, they register themseli¢gh the broker according to a unique, persistent ID. THeerse
ID is used by the broker to keep track of whether the sellemime, the asking price of the resource, the parameterseof th
resource (size and availability), as well as its history pfime, and transaction history. A buyer, also with a uniqoeoant
ID, approaches the broker, requesting for a resource witkip capacity and availability.

Buyers Sellers

/' A
Resource

a Registration

I L
——

] - Wy —

Centralized Broker .-
Server .
-—

-

-—

-

Database of Resources

=
|

’
)/

A
| ___W

4

Q

B

= -
LT \

Resource Usage

Fig. 4. Design of the system. The sellers may be home PC useaminaions with a large storage surplus or dedicated stopagviders. Solid lines
represent communication related to the brokering processieba buyers, sellers and the broker. The interrupted liepeesent the peer to peer usage of
the storage resources.

In our notation, the broker receives a number of requests) tabeledRieq. As with the resources mentioned in section
IIl, each request has a valug(R’,) which gives the desired availability of the request &d?/..,) which gives the desired
capacity of the request. The sellers which are registerdd tive broker are in a sét with the members labeleR; (R; € R).
Each resource?;, has an associated availabiliy(R;), capacityC(R;), and priceP(R;) per unit of storage. It should be
noted that the needed storage portion can be separated &itnkg leaving the rest for other allocations. The broker can meet
requests by allocating portions of one or more of the ressutR. The broker may return an allocation that refers to portions
of the storage resources from several different selleagigavith the the composition type of the allocation (singi€, RC, or

DEC). The resourcé.., refers to several individual resource allocations. Iralil resource allocations include a seller and

an amount of the resource to be used, given by the notdtien(R;, C?

a

1oe) WhereR; is the seller's resource referred to and

Ci

alloc

is the amount of that resource allocated. As with the singé®urces, composed resources have associated availabilit
A(Rcomp), capacityC'(Reomp), and priceP (R comyp)-

In the following we describe the algorithm used by the brakecompose and allocate resources. This brokering algorith
is composed of four other algorithms, designed to find a @aer kind of allocation (standard, AC, RC or DEC). The main
brokering algorithm applies these four algorithms to theremt request and the current collection of sellers and s&®o
the least expensive resource that meets the requiremetite séquest (assuming a solution exists and can be foundeby th

algorithms).



Let us start by introducing some notations used in the psmdn

o SingleResource, RCResource, ACResource, DECResource: the total resource allocations returned by the single
resource search, the redundant composition resourcehsélaecadditive composition resource search, and the lolisérd
error composition resource search, respectively. Eacll tesource allocation can consist of a number of individual
resource allocations.

« LowestCostResource: the composed resource allocation that is found to be thedbwost.

Next, we list the set of subroutines used by the broker'srétyn.

« FINDLOWESTSINGLE: Performs a linear search through the list of sellers to firedeller with the lowest price that still
meets the minimum requirements.

o FINDLOWESTRC: Transforms the problem of finding the least expensive R@position into the 0/1 knapsack problem,
and solves it using a well known dynamic programming apgroac

o FINDLOWESTAC: Uses a heuristic to find the lowest cost resource made by AC

« FINDLOWESTDEC: Uses a genetic algorithm to find the lowest cost resoorade by DEC.

« SORTBYDIFFICULTY: Sorts the list of currently queued requests by the difficatiterion, that isC(R?.,)/(1— A(R].,))

with easiest requests first.

SortByDi fficulty(Re);
foreach RJ_, do

req R
SingleResource = Fi ndLowest Si ngl e( R, R].,);
ACResource = Fi ndLowest AC( R, RJ

Teq) s

RCResource = Fi ndLowest RC( R, Rﬁeq) :

DEC Resource = Fi ndLowest DEC( R, R,{eq) ;
LowestCost Resource = argmin P(Single Resource), P(AC Resource), P(RC Resource), P(DEC Resource);
end

Fig. 5. Pseudocode for the broker’s general algorithm.

The pseudocode for the general broker’s algorithm is desdrin Figure 5. To begin with, the algorithm sorts all of its
current requests, by the difficulty criteriafi(R/,,)/(1 — A(RJ.,)). This criterion is directly proportional to the requested
capacity (larger requests have a larger difficulty criteyiand inversely proportional t¢1 — A(Rieq)) (higher availability
requests will also have a larger difficulty criterion). Dagl with difficult requests first ensures that they have th&t fiick
of what is available, making it more likely that they can betntgasier requests can then be met (even if at higher expense)
Therefore, the broker can potentially meet more of its retgie

The general brokering algorithm searches through the ablailresources, as well as the possible composed resotoces,
resources that optimally meet the user’'s requirementsppties four separate algorithms which are each designechtb fi

allocations of different types. The algorithm then finds teast expensive of all the potential allocationsgimin in the

pseudocode). We now present each of the search functionsrin t
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A. Redundant Composition Algorithm

The first algorithm is designed to find whether there are anyc®@Gpositions possible to meet the current request among the
available resources and if so, which one is the least exgenBirst, we show that the problem of finding the optimalliced
redundantly composed storage resources can be reduced tattsical knapsack problem. The problem is cast as follows
There are several items numbered from 1 ta to be placed in a knapsack of capacityEach item has an associated price,
p; and an associated weight,. The goal is to maximize the value of the knapsack contentkewstaying within the capacity.

If we assume that an item must be taken or not taken, the proldehen referred to as the 0-1 Knapsack problem.

Redundant composition can be reduced to the knapsack problee items map to the storage resourdes,and the price
p; is insteadP(R;). The capacity and the weightsu, are represented by expressions of the availability.

First, all sellers that hav€'(R;) > C(R,.,) are selected. Because the full data must be replicated vitisrsiored with

RC, it is clear that any resource without the full requestaplcityC'(R,.,) can be automatically excluded. Using the equation

of availability for redundant composition:

1—
k

(1 - A(Rk)) > A(R’req)

d
=1

easily becomes

d
[T - AR < (1 - ARre,))
k=1

For reasons that will become clear later, both sides mustrémtey than 1. A good way to guarantee this is by multiplying

by

1
(1 — max (A(Rk)))d

This yields:

ﬁ L- ARy _ 1-A(Rne)

k=1 (1 - A(Rmaw))d N (1 - A(Rmaw))d

Now, this equation is turned into a linear weight functiowg,thking the natural logarithm.

d
1—A(R; 1-A
S (REVIT B ESTA
k=1 (1 - A(erm")) (1 - A(Rma.r))
If the termz; is added either equal to O or 1, depending on whether the mes@iincluded, and added over alinstead of

d, the problem is now the 0/1 knapsack problem, with a weightfionw; = In (%) andc = In (%)

;xll ((1A(Rmaz))d> <! ((1A(Rmam))d>
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While the aim for the original knapsack problem is to maximize price of the included items, our aim is to minimize
price. We can easily adapt the knapsack algorithm used tomizie price instead.

The general knapsack problem is NP-hard and the decisiagiovers NP-complete [24]. However, for integer knapsack
capacity, a pseudo-polynomial approach does exist that dgeamic programming [25]-[27]. To find an optimal packing
takes timeO(nc) [24]. If the weight functionsw; and ¢ are mapped from their real values into integer weights, ten
dynamic-programming-based knapsack algorithm can be tasegproximately find the optimal RC allocation. However, fo
the equations to become correct, we must try sufficient nusnbled from 2 ton in the expressions; = In (%)

andc =In (%). Therefore, the final RC allocation algorithm iterates oxaues ofd from 2 ton and then applies

the dynamic-programming-based knapsack algorithm to éllergesources. This algorithm allows the problem to beadue
in pseudo-polynomial time (dependent not only on the nuntbeesources:, but on the value)) O (n2 log %).
The dynamic programming algorithm for solving the knapspodblem works as follows. Begin with a table of weights

W{1..n,0..c] wheren is the total number of sellers who are eligible to be inclufleaye enough capacity) ands the integer

1—A(Rreq)

representation of the availability quantity (m

). Every valuelV[i, j] in the table will contain the maximum value
that can be included i# = j. Looking in this table will reveal the appropriate resowrt¢e be included. For more information

on this classical solution to the knapsack problem see [24]—

B. Additive Composition Algorithm

To find the optimal additively composed resource, a secomstcaint is added to the knapsack problem. Suppose that, in
addition to not exceeding the capacity of the sack, one matsexceed another arbitrary dimension either (e.g. lengthis
is referred to as the 2 dimensional knapsack problem, whichaiso be extended to an arbitrary dimensionality, becgmin
the d-dimensional knapsack problem.

For additive composition, the resources that are selecteghvput together, must meet or exce&(R,.,). The composed
resource also must not exceed the availability constrakdsstated before, the availability that must be met is

d
[TA®R = A(Req)

k=1
By taking the reciprocal and the natural logarithm, we yiaidarrangement that is compatible with the knapsack weight

equation, as before:

,él“ (A(i%w) = (A(RZ@)

However, we must add the additional constraint that

d
ZC(RZ') > O(Rreq)

=1
This yields a 2-dimensional knapsack problem, which is @asilg solvable. Therefore, we design a heuristic that takies

account knowledge of the domain.
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To begin developing a heuristic, we first cull out resourt¢eg tannot be part of this kind of allocation. It is known th#t
sellers withA(R;) < A(R,¢,) can be automatically excluded, because they would imnegiaause the availability of the
allocation to drop belowA(R,.,). The AC algorithm then begins iterating through the renmajmesources, starting with ones
that are heuristically determined to be more promising. \&k& devise a metric that gives preference to resources thaldwo
be better suited for AC allocations, called the AC criterion

The AC criterion is defined to be:

U(Ria Rﬁ’(’q) =

The first part of the produ %g; gives the availability per unit price. This term is includgisle more emphasis to resources
that have good availability relative to their cost. Havingamewhat higher availability is important in AC allocatiecause
d
availability of the composed resource drops as the prodtidts aonstituents {[ A(Ry) > A(R,.q)). The second part of

) k=1
mm(cg?g;c()%q))) becomes a factor frorf0, 1] giving more emphasis to sellers with large allocations lalsée.
teq

the term(
However, themin function limits this influence taC(R,.,), because there is no advantage to having more space than is
required when finding an AC allocation. This term helps finddelarge resources, instead of many smaller resourcesain ag
avoid a rapid reduction in availability.

o FINDALLGREATEROREQUAL: returns a list of sellers with availability greater thanegjual to the specified availability.

o SORTBYSTRIPINGCRITERION: sorts the list descending by the calculated

o currentAllocation: A composed resource made of a set of individual resourceatibns.

Procedure: Fi ndLowest AC
(R, Rl.,)
sellersWithMinA = Fi ndAl | G eat er Or Equal ( R, A(R/.,));
SortByStri pi ngCri terion(sellersWithMinA, C(R].,));
real accumulatedSpace = 0;
real accumulated Availability = 1,
booleandone = false;
booleanvalid = true;
currentAllocation = 0;
while 3R; € sellersWithMinA and done != true do
if accumulatedSpace + C(R;) > C(R],,) then
done = true;
end
if accumulatedAvailability * A(R;) < A(R],,) then
done = true;

valid = false;
end
if valid then
currentAllocation = currentAllocation U I;
accumulatedSpace += C(R;);
accumulated Availability *= A(R;);
end
end
return current Allocation;

Fig. 6. Heuristic algorithm for finding an additively compdsget of resources.
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The algorithm takes a set of seller resourdesand the requested resourd®. . As stated before, sellers without the
minimum availability are first culled out of the group becaubey would immediately bring the availability of alloaati
below the requested level. Then the algorithm sorts the irentaresources in descending order by the defined AC aaiteri
Following the sort, the algorithm iterates through andudels available resources until its has found a satisfactonyposed
resource, or until there are no more resources with the nimravailability remaining. For each resource, the algaritthecks
to see if its addition would help the resource meet the nacgsequirements. If a valid resource is found, the algarithen
stops searching and returns the resource. Otherwise,litetilrn a null resource.

The loop through each of thB; is anO(n) process, while the sort is afi(nlogn) process, making this algorithm work

in O(nlogn).

C. Distributed Error Composition Algorithm

Finding the optimal distributed error composition configfion is a complex integer programming problem. Howeveateh
are a number of meta-heuristics to which we can turn. Tabrcend genetic algorithms have both been successfullyeappl
to knapsack problems [28]. While our problem is harder thanttaditional knapsack problem, it is relatively easy tarfea
in terms of a genetic algorithm. The chromosome is formedh &itbinary gene for each available seller. The GA then tries
to maximize a fitness function which has been engineeredwartesolutions meeting the minimum size, whose sellers have
the minimum required capacity and solutions that meet tqeested availability. The fitness function is defined asofed:

D,

min(A(DEC), A(Rreq)) + D2 (1 - dm:lff> + D3(Proper Number(d)) + —

Fitness(DEC) = 5

D,
A(Rreq)
where D1, Dy, D3 and D, are positive constantd? is the price per unit of the entire allocatiod,is the number of total
sellers in the allocation andl,, s ¢ is the number of resources with sufficient space to be pahieatiocation.Proper Number

rewards solutions that are within a probable range of vakCsolutions and is defined as follows:

1 3<d<DEC.MAX
Proper Number(d) =

0 otherwise

DEC_MAX (in our case 10) is a parameter of the broker representingrhetical limit of the number of differenk;
resources that can be part Bf.,. The the number of storage resourckethat are part of?,.., could conceivably be as large
asn, but DEC_M AX is used to find practical solutions and computationally difyphe task. Because this GA can produce
individuals that are not valid solutions, they are checkadvalidity before being added to the list of possible sans.

The fitness function of the genetic algorithm used for DEC tfimsl solutions that are not only valid (fulfill the requested
availability A(R,.q)) but minimize the price. Early experiments which only stddoon the criteria of price had trouble finding
valid solutions. Therefore, additional terms are addedéofitness function which reward solutions for being closecdrrect.

In addition to the fourth term, which selects for price, terone to three help bias the search toward valid solutions.
The first term of the fitness functiory2* ) min(A(DEC), A(R.q)), evaluates how close the solution comes to meeting

(Rreq

the requested availabilitd(R,.,). By taking the minimum ofA(DEC) and A(R,.,), it ensures that the value remains between
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[0,1]. From the standpoint of the broker, there is no need to olaasolution with greater than requested availability. The
constantD; provides a bias for this criterion.

The second term is designed to find solutions where all of nickuded seller resources have enough capacity to support
the requested resource. Allocations where the includealiress do not all have enough capacity are technically iohvalt
rewarding closer solutions helps the GA concentrate itsche®ividing the number of sufficient-capacity resourcesrahe
total included resources, determines what percentageeofetfources have sufficient capacity.

The third term is designed to ensure that the solution cositaireasonable number of different sellers. Because radapd
in a DEC allocation is entirely contained within one extredtion, availability will quickly drop for allocationsfadoo many
sellers. The term ensures that the number of sellers in theaibn meets the minimum number of sellers for DEC (3) and
is less than or equal to the maximum number of sellé&& (' _M AX). While solutions that are not within this range are
technically invalid, giving them no fitness discourages gleeetic algorithm from pursuing solutions that are closedwect.

The fourth and final term helps the genetic algorithm seaochsialler prices. Finding the lowest price (assuming that a
valid solution has been found) is the main objective. Traesfsmaller prices will drive the fourth term to be largeithw

appropriate bias by),.

V. EXPERIMENTAL STUDY
A. Experimental setup

In the following we describe an experimental study which suees the benefits of our proposed approach compared to a
standard approach which involves only simple resourcesa¥8eme that the broker queues up a batch of requests and clear
them in a single allocation step. This way more efficientat@mns can be made compared to the case when a single equest
is allocated at a time. In our experiments we assumed thatch lwd 50 requests are cleared in an environment with 200
sellers.

We compared two approaches:

« Standard allocation: the broker performs a linear searcthersingle resources to meet the requests.

« Improved allocation: the broker performs a search on thglsiresources and the improved search algorithms described

in Section 1V for the three types of composed resources.

The data sets considered in our experiments were taken frerwark of Anderson and Fedak [29] concerning the statistica
properties of the hosts participating in the SETI@Home gubjWe generated the list of storage resources availabte wa
generated by randomly selecting 50,000 free disk spdtee values from the host database. We filtered out values ab\e
bytes, as these are probably due to erroneous reportingriunétely, there is no host availability data provided em-lpost
basis by the publicly available host database. Therefoeegemerated some artificial values which match the stalgiroperties
of the SETI@Home hosts. We considered three reported vatmefsaction, the fraction of time that the SETI@Home client
runs, theconnected_fraction, the amount of time that the client program has access to temnkt connection and finally, the
active_fraction shows the amount of time that the client is allowed to run. &ar application, we consider the average

availability to be the product of these three variables:
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A = (on_fraction)(connected_fraction)(active_fraction)
= (0.81)(0.83)(0.84) = 0.5647

Using the value as the mean of a Gaussian random distributitna standard deviation of 0.1, availability values were
generated and paired with randomly selected disk spaceesiakinally, prices per Gigabyte of space were generated for
each resource paiR;. We assume that the pricing per unit of storage space istéittay the availability, which becomes

asymptotically more expensive as availability approaates

1

Pro——
1—-A(Ry)

@)

To provide random variations in pricing, this calculatett@iis multiplied by a normally generated random price fagtith
average of 1.0 and standard deviation of 0.1.

For each clearing iteration within a run with particularues for the two parameters, 200 sellers were randomly select
from the loaded seller pool, and 50 consumers were randoamgrgted. For each set of parameters, this clearing tiaratas
performed 10 times and averaged. The consumers were randmerated with average requested availabiliHé#, ) in
the range of 0.3 to 0.99 and average requested cap@¢ily..,) of 1GB, 10GB, 100GB and 300GB. With these parameters,
consumer requests were generated by Gaussian random tgesienath the given averages and standard deviatior;%(@fﬂ)
and% for the required availability and capacity respectivellie$e were chosen under the assumption that the availability
required by users would not vary as widely as the space mdjuimost users want “pretty good” availability). The GA

responsible for finding Distributed Error Compositions fana 100 generations with a population size of 100. The def&AP

mutation rate of 0.1 was used. The constants for the fitnesstiun were,D; = 25.0, D> = 25.0, D3 = 200.0, D, = 50.0.

B. Results

Figure 7 shows the percentage of allocation successes tiordifferent average request sizes. We plot both the stdndar
and the improved algorithm. We expect the improved algorito perform at least as well as the standard algorithm, as the
improved algorithm subsumes the previous one. The quesiorhether the improvement in the allocation success jastifi
the considerable computational expense of the improveatition.

The first observation, applicable to both the standard ardrtiproved algorithm, is that the success rate becomes lower
with the increase on the average requested availabdti,.,), as the requests become increasingly hard to meet. Second,
the higher the average requested capaCityz.,), the lower the success rate.

For cases when the both average requested availability eqeested capacity is low, both algorithms can guarantese clo
to 100% success rate. For other cases, however, the impedgedthm considerably outperforms the standard algoritin
fact, for a considerable range of scenarios, the improvgdrihm can maintain success rates close to 100% even wieen th
success rate of the standard algorithm is very low. For egtafor requests with average capacity of 10GB and avétiabi

0.9, the success rate of the improved algorithms is clos®@84] while for the standard algorithm is around 20%.
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Fig. 7. Percentage of successful allocations, using thedatd and the improved allocation algorithm, for various agerrequest sizes.

Still, the success rate of the improved algorithm decliresstenarios which have both high requested capability GB)O
and above) and high requested availability (0.7 and abdwegn in these cases, the improved algorithm outperforms the
standard algorithm with a significant margin, which justftbe additional computational resources.

Figure 8 presents the price of the allocated resourcesifumof the requested average availability and for variousea
of the average requested size. Both algorithms try to mirentie cost of the allocated resources. As the improved itiigor
subsumes the standard one, the average prices for the iegpadgorithms will be at least as low as that for the standaed o

The overall space of the graphs reflects, in broad lines, titeng model of Formula 1. Nevertheless, the average pice f
satisfying the customer requests can be higher or lowertti@one given by the price function under the following cdiodis:

« The price will be higher if there are not enough resourcestisfy the requests at the desired availability level ared th

broker needs to satisfy it with higher availability, morepersive resources.

« The price may be lower if the broker is able to satisfy the esfjusing redundant or DEC composition. This is true only

for certain types of size, availability and compositionéygpombinations.

These considerations show that the improved algorithmldHmiable to guarantee lower prices. Indeed, the graphgjur i
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Fig. 8. Prices for allocations with single and multiple res@s.

8 validate this conjecture. However, the difference betwtbe methods is significant only in the cases when the regjheste
a high average availability and are of a medium 10-100GB, sitere the savings can be as high as 50%.

Next, let us study the relative contribution of the differeesource allocation types to the satisfaction of the retpueOur
objective, is again, to study whether the improved algarith justified. If a very large percentage of requests arsfdi using
single resource allocations, then the additional compurtat complexity of the improved method is not justified. Tdmphs
in Figure 9, however, show that this is not the case. In paeticfor the “difficult” allocation cases (with high availgity and
large capacity requests) most of the requests are fulfilled @omposed resources (mostly DEC and Redundant). Ford smal
average requested sizes, standard allocations at lovabildyl can be cheaper, and both DEC and standard allocatiquire
less redundancy (and therefore, potentially less cost) tedundant composition. This makes them dominant at lowired
availabilities. For the larger requested sizes (in FigweaAd 9d), the standard allocations are not as dominant, atvkw
required availabilities. This is because as the averageestgd size becomes larger, large enough single resouredesa
likely to be found, and DEC has the most efficient redundaAsyavailability requirements are more stringent, anything

redundant composition has less and less chance of meeting it
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We note that only a very small percentage of the requests fuHfilled using additive composition. This is due to the fact
that the availability of an additively composed resourcelides rapidly, and the average availability of the sellesthpool is
already somewhat low. It is also more rare, especially atllssizes, to find less expensive additive compositions beeat
takes several higher availability resource to make one l@wailability resource.

Because the genetic algorithm used in finding the optimal @cations was relatively successful, it is worth finding
out how well the algorithm and the associated parameterddmwmark in different grid environments. To evaluate this, we
performed tests for a single request 4{R,.,) = 0.65 and C(R,.;) = 300GB averaged over 50 iterations. The sets of
sellers used were artificially generated to have averagectigs of 25GB, 50GB, 75GB and 100GB. Each set of sellers was
evaluated over the values from 1 to 500 of each parameter.eVhaith parameter of the fithess function was swept over its
domain of values, the others were kept constant at the lessgld in our prior testsl§; = 25, Dy = 25, D3 = 200, D4 = 50.

The figures 10a, b, c and d illustrate the graphsiigr Dy, D3 and D, respectively.

The graphs show that the optimal fithess values remain velaticonstant despite market environments with differing

collections of resources. This stability indicates that talues chosen will likely translate well to other grid eowiments.

However, for any application of this genetic algorithm, ibwid likely behoove the developers to simulate system hiehav
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Fig. 10. Varying fitness function values for a requesttifR,cq) = 0.65 and C'(Rrcq) = 300GB

using known distributions of sellers and requests for thérenment at hand. These simulations can ensure that tHesbro
delivers maximum performance for the environment in whicis iused.

In figure 11, we show the time required to execute the varidgerishms. The experiments were executed on a single core
of an 2.2GHz Intel Core2 Duo with 2GB of RAM. The simulationsne in Java with no effort of optimization. The improved
algorithm is broken down by its constituent allocation sbhas to better indicate which phases are the most intensive.

In figure 11, the timing for the standard algorithm and theitagdelcomposition algorithm are absent, because they tesX |
than a millisecond to meet each request. Not surprisingly,eixtra analysis came at the expense of additional coniputat
The redundant composition algorithm took an average of ab0ms for 100 sellers to about 550ms for 1000 sellers. The
genetic algorithm for DEC took from about 1.2s per allocatfor 100 sellers to over 10s per allocation for 1000 sellers.
While this is significantly greater than the standard algonitit can still be practical. For more permanent allocatjahmay
be worth both the client’'s and the broker’s investment ofetitn find an allocation that is less expensive. Additionzihg
algorithm can potentially be parallelized to greatly aecate it.

As a final evaluation of the new algorithm, we execute a knoast problem, which is small enough to find the optimal
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Fig. 12. Comparison of the standard, improved and optimal glgos for C(R,eq) = 10GB and 15 sellers.

answer. As has been stated before, because the allocatiblems are in NP, finding the guaranteed optimal solutiogaires
a brute force search, taking a time exponential in the nurobesellers. Therefore, any comparison to the optimal sotuti
would have to be with a relatively small problem. To do suchomparison, a broker was evaluated with 15 sellers over a
simple request. A request of 10GB with varying requestedahitity was made to the broker. This was done over 50 iterat
(for 50 different sets of 15 sellers) and averaged. The tesuk shown in figure 12.

In 12a, the percentage of successful allocations is ilitistt. Despite the standard algorithm rapidly losing thditgkio
make an allocation after a requested availability of abo&®0the improved algorithm remains either at or just belgtinal.
For the pricing in 12b, pricing information was only compauas far as all three algorithms could find some solution, rotise
those prices were not counted. As expected, the improvextitdm’s pricing remained between the standard algoritinch the
optimal algorithm. This fact demonstrates that while thiemproved algorithm does offer savings over the standardralgn,

there is still room for improvement and future work.
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VI. CONCLUSIONYFUTURE WORK

In this paper we proposed an approach to combine cheap restorage resources to achieve the desired availability
and capacity requirements of consumers. Although the @ptatiocation problem is NP-hard, the combination of selvera
approximation techniques can be used by the storage brokpreve the service provided to the users. Allocation atbors
such as the ones presented may serve as the core of resookeesbon a future grid resource market.

Our future work involves both improving the performance loé oroposed solutions, as well as extending them to a more
general problem. An important extension is to consider taevark bandwidth through which the storage is available- Co
allocation strategies like the one presented in [21] mayecedhe transmission times of the involved blocks. The nekwo
bandwidth should be factored in to efficient allocation as[20], and should affect pricing.

With the use of better representations and better evolajoalgorithms, it may be possible to compose more complex
arrangements of resources than the three presented. Itioaddesources such as CPU power should be accounted for in
applications requiring more than just data storage. Suditiadal criteria can fit relatively easily into a genetigafithm

framework.
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