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Abstract

Optimising the use of Grid resources is critical for users
to effectively exploit a Data Grid. Data replication is con-
sidered a major technique for reducing data access cost to
Grid jobs. This paper evaluates a novel replication strat-
egy, based on an economic model, that optimises both the
selection of replicas for running jobs and the dynamic cre-
ation of replicas in Grid sites. In our model, optimisation
agents are located on Grid sites and use an auction pro-
tocol for selecting the optimal replica of a data file and a
prediction function to make informed decisions about local
data replication. We evaluate our replication strategy with
OptorSim, a Data Grid simulator developed by the authors.
The experiments show that our proposed strategy results in
a notable improvement over traditional replication strate-
gies in a Grid environment.

1 Introduction

Grid computing is a novel and emerging paradigm,
whose goal is providing virtual organisations of geograph-
ically distributed users with software/hardware infrastruc-
tures that allow the effective sharing of computational and
storage resources. Several international projects are cur-
rently working towards the realisation of Data Grids [8, 11]
for the analysis of huge amounts of distributed data by com-
putationally intensive applications. A Data Grid should pro-
vide virtual organisations with a set of services that auto-
mate the access to resources, bringing the needs of a single
user (typically minimisation of execution cost for their jobs)
into agreement with the demands of the virtual organisation
of which the users are members (maximisation of Grid re-
source exploitation).

Data is the most important resource in a Data Grid,
where users’ jobs require access to a large quantity of data.

This data is stored in files which can be spread among ge-
ographically diverse Grid sites. The execution cost for a
job may vary considerably, depending on the computing re-
source chosen for job execution and the location of data
files to which the job requires access. Data replication is
considered to be an important technique in the reduction of
job execution cost [11]. Replication involves the creation
of identical copies of data files and their distribution over
various Grid sites. This can reduce data access latency and
increase the robustness of Grid applications. However, in
order that Grid performance can actually be improved, it is
essential that data access and replication services are able to
deal with the dynamic changes in the Grid environment. In
particular, given the dynamic distribution of data files and
file requests from jobs, such strategies should be able to:

1. determine the “best” replica, when given a request by
a job for a particular file;

2. trigger both replication and deletion of data files in
Grid sites by analysing the patterns of previous file re-
quests; thereby affecting the migration of files toward
sites that show a corresponding increased frequency of
file-access requests.

In [6] the authors proposed an approach, based on an eco-
nomic model, that aims to fulfil these requirements. In the
model, data files represent the goods in the market and are
traded by different optimisation agents on each Grid site ac-
cording to file requests from running jobs. The idea under-
lying our model is to achieve global optimisation of replica
distribution through emergent marketplace behaviour.

Our economic approach is currently being evaluated us-
ing a Data Grid simulator called OptorSim [2]. OptorSim
was developed to study the complex nature of a typical Data
Grid and evaluate the effectiveness of replica optimisation
algorithms within such an environment. Some early results
of this evaluation are presented in [2], where a replication
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strategy based on a simplified version of the proposed eco-
nomic model was considered.

In this paper we extend our economy-based replica opti-
misation strategy. We introduce a novel auction protocol for
optimal replica selection and discuss a prediction function
for future file values that in turn triggers dynamic replica-
tion for highly requested data files. In order to evaluate the
efficiency of our algorithm, we run a set of benchmarks on
our Grid simulator OptorSim based on a real-world Data
Grid testbed from High Energy Physics.

2 Related Work

Economic approaches in Grid computing have mainly
been used to minimise the cost of job scheduling. Here,
we briefly describe a few examples and refer to [9] for a
more complete overview. The SPAWN system [18] provides
a market mechanism for trading CPU-times in a network of
workstations. The POPCORN Project [14] provides an in-
frastructure for globally distributed computation with mar-
ket mechanisms for buying and selling CPU-time based on
the Vickrey auction protocol [17]. POPCORN is currently
based on a central market that could not scale with a large
number of concurrent buyers and sellers. Nimrod-G [4] is an
economy-driven resource broker for scheduling parametric
computations in a typical Grid environment. Resource allo-
cation is based on a deadline and budget constraint schedul-
ing algorithm [3] with the goal of either minimising the run-
time of jobs or minimising the cost of the usage of Grid
resources. However, the location of data (and thus consid-
erations about optimal replica selection) are not part of the
scheduling algorithm.

Various examples of replication and caching strategies
are discussed and tested within a simulated Grid environ-
ment in [15], while their combination with scheduling al-
gorithms is studied in [16]. The replication algorithms pro-
posed are based on the assumption that popular files in one
site are also popular in other sites. Replication from one site
to another is triggered when the popularity of a file over-
comes a threshold and the destination site is chosen either
randomly or by selecting the least loaded site.

In this paper, we take a complementary approach. Our
replication algorithms are used by Grid sites when they need
data locally and are based on the assumption that in compu-
tational Grids there are areas where particular sets of data
are highly requested.

3 Design of OptorSim

OptorSim [2] simulates the Grid architecture shown in
Figure 1 for studying various file replication approaches,
in particular the economy-based replication strategies pre-
sented later in Section 4. The simulation is constructed

assuming that the Grid consists of several sites, each of
which may provide computation and data-storage resources
(called Computing and Storage Elements) for data intensive
jobs.
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Figure 1. Simulated DataGrid Architecture.

Jobs are submitted to the Grid over a period of time via
the Resource Broker (RB). The RB schedules each job to
the Computing Elements (CE) with the goal to improve the
overall throughput of the Grid. A Replica Manager (RM) at
each site manages the data flow between sites and interfaces
between the computing and storage resources and the Grid.
The Replica Optimiser (RO) [1] inside the RM is responsi-
ble for the selection and dynamic creation and deletion of
file replicas.

Since the Data Grid is a highly dynamic environment, it
is important to be able to cope with the changes in the status
of resources when performing their allocation to Grid jobs.
In particular, we should avoid making irrevocable decisions
at job scheduling time about which file replicas will be used
to access data for a particular job. Therefore, optimisation
is performed at three points in time during the life-time of a
job:

1. The first optimisation phase occurs when the RB de-
termines on which CE the job should run. We refer to
this phase as Scheduling Optimisation.

2. In the second phase optimal Dynamic Replica Selec-
tion is achieved during the run time of a job via the
auction mechanism we describe in Section 4.2.

3. In the final phase, replication can be triggered at third
party sites. This is Dynamic Replica Optimisation.

We detail the algorithms of these phases in the following
sections.
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3.1 Scheduling Optimisation

Our scheduling algorithm takes into account both local-
ity of files requested by jobs and CE loads. The calculation
of the file accessing cost is implemented in the RO function
getAccessCost() [1]. For each CE that is candidate for
scheduling, the RB calls getAccessCost() with a list
of files required for the job. The function consults the Rep-
lica Catalogue [7] to find all the replicas of each file, then
calculates the time to access each replica from the given
CE by examining the current network status. By summing
the times to access the “best” replica of each file, getAc-
cessCost() returns the estimated file access time the job
would have if scheduled to the CE.

Since we are concerned with the time to complete a job,
i.e. the time the job is submitted to the Grid and the time it
has finished executing on a CE, we also take into account
the workload of each CE. A combined cost is found by
simply adding the file transfer cost obtained from getAc-
cessCost() to the number of jobs waiting in the queue
at the CE, as shown in (1).

cost = getAccessCost() + estimatedQueuingTime (1)

The scheduling algorithm in OptorSim schedules a job to
the CE with the minimum combined cost.

3.2 Replica Selection

Once a job is running on a CE, it requires access to
files in order to process data. Since there can be multiple
copies of each file available on the Grid, the RO function
getBestFile() [1] is called whenever a file is requested
by the job. The function uses the auction mechanism de-
scribed in Section 4.2 to return the best available replica.
Depending on the popularity of the file, replication may also
occur if it is deemed to be economically profitable (see Sec-
tion 4.3 for details).

3.3 Dynamic Replica Optimisation

Grid sites also monitor and log the patterns of file re-
quests over time. If a particular file appears to be popular
and a site decides it is likely to make a profit by purchasing
it, replication can be triggered to third party sites: those not
involved in the initial request for the file. This way the data
will migrate towards the areas the data is most likely to be
requested.

4 An Economy-Based Optimisation Strategy

We propose an economic model for data access and repli-
cation, to be used in optimisation phases 2 and 3. In the

model, data files are “purchased” by CEs for running jobs
and by Storage Elements (SE) to make an investment that
will improve their expected future revenue. These files are
sold by SEs to either CEs or other SEs. CEs try to minimise
the file purchase cost, while SEs attempt to maximise their
profits. CEs and SEs interact with intelligent optimisation
agents which perform the reasoning required in our model.

The adoption of an economic approach has two main
motivations. The first reason is to be able to make repli-
cation optimisation decisions in a distributed manner. Per-
forming such complex multidimensional optimisations in a
centralised manner would be difficult, as the domain (at-
tributes of the resources being controlled) is large. By re-
stricting ourselves to local optimisation through economic
interactions we make the problem manageable and try to
improve the performance through the emergent marketplace
behaviour. The second reason is that the Data Grid is a
highly dynamic environment in which the availability of re-
sources can change without warning. By using an economic
model, we can exploit the dynamism of the market to make
informed decisions at job execution time.

4.1 Internals of the Economic Model

In the current implementation file costs are proportional
to the time needed to retrieve them, which depends on the
available network bandwidth between Grid sites. This way,
the goal of minimising of file purchase cost results in an
improvement in cumulated job execution time.

The Grid service that performs optimisation of data ac-
cess and replication is the Replica Optimiser (RO). It is a
distributed service and is provided by a set of RO agents,
one for each Grid site (see Figure 2). A RO agent is invoked
by a Grid job, running on a local CE, that needs to access
a data file. The RO is able to select the cheapest replica
of that file, possibly triggering file replication between Grid
sites if this is predicted to improve Grid performance. The
abstract architecture for RO agents includes the following
components:

Access Mediator (AM). This component processes file
requests from jobs running on a CE. For each requested file,
it starts an auction to identify the cheapest replica of the
file (see Section 4.2 for details). The AM gathers bids for
the file from local and remote Storage Brokers (SB), selects
the winner of the auction and notify the bidders about the
winner.

P2P Mediator (P2PM). These are responsible for estab-
lishing and maintaining a peer to peer communications in-
frastructure between Grid sites. They propagate auction
messages between AMs and SBs.
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Storage Broker (SB). This component is responsible
for listening for file request messages from the local P2P
Mediator. If it can meet the request with a file stored in
the corresponding SE, it responds immediately to the P2P
Mediator. If the file is not stored in the corresponding SE, it
may start a nested auction in order to obtain a local replica
of the file and be able to reply to the parent auction.

Since a Grid site might exclude CEs or SEs, some of
the above components might be absent from the available
RO agents for that site. This is depicted in Figure 2. The
figure shows an example Data Grid containing four sites.
Site 4 contains both Computing and Storage Elements and
thus the local RO agents comprise of all components. Other
sites include only the components needed and thus the local
RO agents are simpler.
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Figure 2. Components of the economy-based
Grid model.

4.2 Auction Protocol

In our economic model the goal of the auction proto-
col is to select the cheapest replica of a file needed by a
job running on a CE. To this end we use a type of Vickrey
auction [17]. Vickrey auctions are second-price sealed-bid

auctions. They involve a single negotiation round, in which
each bidder submits a bid to the auctioneer. Other bidders
cannot see the bid. The winner of the auction is the agent
that made the highest bid, but only pays the price of the
second-highest bid. An advantage of this type of auction
over others is that the dominant strategy for each bidder is
to bid his true valuation. In fact, bidding more than the true
valuation is clearly a risky strategy: if he won the auction
he could be asked to pay a higher price than he would other-
wise. On the other hand, bidding less than the true valuation
would reduce the chances of winning. Bidding the true val-
uation is then the best strategy for an agent. This maximises
his chances of winning the auction and, if he won, he would
pay a price less than his valuation (the second best price).

In our case the role of the auctioneer is played by the
AM, while the SBs play the role of bidders. However, the
AM does not start an auction for selling an item (a file in
our case) but for buying it. The SBs bid the price they
are willing to sell the file and the winning SB is paid the
second-lowest bidding price by the AM. In other words, our
economic model uses a reverse Vickrey auction.

The auction protocol we use is detailed in Figure 3 by
a UML sequence diagram. When replica selection is per-
formed by calling getBestFile(), the replica that min-
imises access cost is returned. It may be stored locally or
remotely. In the latter case the file is accessed by the CE
via remote file access. In our economic model we perform
getBestFile() by starting a reverse Vickrey auction.
The auction is performed by an AccessMediator, which
starts an Auction thread, then waits until the end of the auc-
tion before returning the winning replica to the CE.

An auction thread first issues a CallForBid message for
the required file, which is propagated by the local P2P Me-
diator to the local SBs and other SBs via the P2P network.
Depending on the topology of the network and the maxi-
mum distance for auction propagation (a parameter of the
auction), the message will reach a set of Grid sites. Once it
has issued a request for bids, the auction thread waits so po-
tential file sellers can bid for the file (see AddBid messages
in Figure 3). After a fixed time, the auction thread selects
the auction winner (i.e. the SB that submitted the lowest
bid). A Notify message is propagated over the P2P network
informing the SBs of the auction result1.

When the winner has been notified, the auction thread
waits until the winning replica is ready on the site2. After
any replication process on the winning site has completed,
the auction thread is notified via a ReadyForDownload mes-
sage and the physical location of the winning replica is re-
turned to the CE via the AM.

1If the auction thread receives no bids whilst waiting, the auction will
have no winner.

2This because a SB can bid for a file even if the related SE does not
store a replica of the requested file. See below for details.
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Figure 3. A Reverse Vickrey auction is used to locate a file.

Once a SB receives a request for a bid, it first checks if its
SE stores the required file. If the file is present, it calculates
a bid proportional to the transfer time between the SB’s site
and the site that started the auction. Then, it replies with a
Bid message. The local P2PM gathers Bid messages from
all local SBs and forwards them to the P2PM on the site that
started the auction. This P2PM will forward the messages
to the corresponding RO agent.

If the file is not stored locally, the SB might start a nested
auction. The purpose of this auction is to create, on the
corresponding SE, a replica of the requested file. A nested
auction is only started if the SB decides that having a lo-
cal replica of the file is economically beneficial, possibly
including the case when the SE has space to store the file.
The details of this decision process are described in Section
4.3.

Once a nested auction has successfully terminated, the
SB calculates a bid for the file and takes part in the parent

auction. It is worth emphasising that we separate bidding
in the parent auction from any replication activity. As a
result, if a SB wins an auction it must check that any corre-
sponding replication has finished. If the replication has not
completed, the current auction is added to the set of pend-
ing auctions. Only once the replication has finished is the
parent auctioneer notified that the winning replica is ready
for access.

There is an important difference between first level (par-
ent) and nested auctions. The goal of the former is to locate
the cheapest replica required by some job executed in a CE.
The best replica might be located either on the same site
as the CE or on any remote site. The latter always aims
to replicate a file to the local SE, as this will increase the
SB’s expected future income. In other words, the mech-
anism underlying the auction protocol performs long term
optimisation allowing automatic replication towards “data
hot-spots”. Also, nested auctions allow replication to third
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party sites: sites where the file was not initially needed.
Third party replication appears to provide a good mecha-
nism for distributing required files amongst a neighbour-
hood of nearby SEs. It reduces the bottleneck caused by
only considering close SEs (those located on the same site
as the CE) for replication.

4.3 Prediction Function for Future File
Value

In our model, nested auctions may trigger Dynamic Rep-
lica Optimisation (see Section 3.3), and thus over time vary
the set of files stored on a SE. The decision about whether
or not a nested auction is started depends on whether the lo-
cal replication of the file is economically beneficial for the
SB. Ideally, a SB should keep those files on the local SE
that maximise the SB’s expected future revenue: if the local
replication of a new file increases SB’s expected income,
then a nested auction should be conducted.

In the presented model, we use a prediction function for
estimating the future revenue of data files. This function
currently approximates the future revenue af a file as the
number of times it will be requested in a time window in
the future and assumes that the file access history can be
represented by a random walk in the space of files. In the
random walk, the identifier of the next requested file is ob-
tained from the current identifier by the addition of a step,
the value of which is given by a binomial distribution. The
function uses the history of file requests (access patterns)
experienced by the SB in a time window T ′ in the past
and returns the predicted number of times a file will be re-
quested in a time window T in the future. We refer to [5] for
a more detailed discussion on the prediction function used
in our economic model.

5 Experimentation

5.1 Configuration and Goal of Simulation

The authors have developed OptorSim [2] to study vari-
ous replica optimisation algorithms of generic Grid jobs. In
this paper, we simulate a set of High Energy Physics analy-
sis jobs based on the CDF experiment use case (as described
in [12]). In this case each file has size of 1 GB and the total
size of the file set is 97 GB. The Grid topology (see Figure
4) comprises 20 sites in Europe and the USA that were used
during a world wide data production from the CMS experi-
ment [13]. To simplify the simulation it is assumed there is
no contending network traffic. The goal of our simulation is
two-fold. First, we want to verify our replication algorithm
against a real world use case. Second, these simulation re-
sults serve as the bases for understanding large scale scien-
tific analysis in general and in particular assisting the CMS

experiment in resource planning for its next data challenge
in 2003/2004. In this data challenge up to 150 TB of data
will be analysed in a distributed manner over some 50 to
100 sites [13].
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Figure 4. Grid topology for CMS world wide
data production challenge in spring 2002.

In this paper, we consider the current CMS testbed in
which the total storage capacity of all SEs is 1.1 TB. The
SEs at CERN and FNAL have a capacity of 100 GB each
and the remaining 18 testbed sites depicted in Figure 4 have
a storage capacity of 50 GB each.

We assume that initially each file has only one physical
instance referred to as master copy [10]. For the simulation,
we considered two initial file distributions:

• all master copies are stored either at CERN or FNAL;

• all master copies are stored either at CERN or
FNAL and replicas are randomly distributed among all
testbed sites until all the SEs are full.

5.2 Access Patterns

The order in which a job requests files is determined by
the job’s access pattern. We consider the following access
patterns: sequential (all files are requested in a predeter-
mined order) and Gaussian random walk (successive files
are selected from a Gaussian distribution centred on the pre-
vious file).

5.3 Simulation Results

An indication of how effective the algorithm performs is
the estimated time taken to complete all the jobs in a simu-
lation run. It is important to note that there are other metrics
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for replica optimisation such as fault tolerance [10] or secu-
rity issues. However, in this paper we wish to evaluate our
optimisation strategy with respect to overall job throughput.

In each simulation run 1000 jobs (of various types) were
executed. Jobs were submitted at five second intervals and
the job-type was determined from a fixed probability distri-
bution, so some job-types were more likely than others. The
estimated time taken to complete a job was calculated as the
time waiting in the queue at the CE plus the execution time
on the CE.

The duration of an auction (as used for replica location)
is critical to the performance of the economic model. If an
auction takes too long, the time taken to find the best replica
becomes significant with respect to the file transfer time. If
too little time is allowed, we might not receive all the pos-
sible bids. We achieved the best results with a 200 ms time-
out, reducing this by 0.4 for nested auctions. These values
allowed the SB enough time to conduct a nested auction and
then return a bid to the parent auction.

We compare our economic model to a simple replication
optimisation algorithm, LRU (Least Recently Used). In this
algorithm, files are always replicated to the site on which
the job is executing. If the SE is full, the file that has been
accessed the least number of times in the previous time in-
terval δt is deleted. We call this the replica replacement
decision. In the economic model, if the SE on the site on
which the job is executing has space, files are always repli-
cated to it. If there is no space left on the SE, the replica
replacement takes place only if this is considered as eco-
nomically beneficial for the SB (see Section 4.3) and the
least valuable file is deleted to make space.

The results comparing the two algorithms for each access
pattern and initial replica population policy are shown in
Figures 5 and 6. Each bar shows the total job time, averaged
over eight simulation runs.

Figure 5 shows results for when there are no replicas at
the start of the simulation and Figure 6 is when all the SEs
are filled with replicas.

The results show that the economic model provides sub-
stantially better throughput for jobs that have a sequential
access pattern (typical of most High Energy Physics appli-
cations). This is mainly due to the inability of the LRU al-
gorithm to optimise replicas when a job requests more files
than can be stored on the local SE. Under these circum-
stances, when the algorithm replicates it deletes files that
will be required at some future point. It then will have to
replicate the deleted file again when it is required by some
job. However, the economic model, through use of the pre-
diction function, learns that these files will be needed in the
future and will not delete them. This will result in some
files being read remotely, but it will reduce the overall net-
work usage (by removing repeated replication) and hence
jobs run faster.

Figure 5. Total job times when there are no
replicas at the start of the simulation.

Figure 6. Total job times when all SEs are ini-
tially filled with replicas.

The economic model is designed to work with sequential
access patterns, so although a Gaussian walk access pattern
results in files being requested more than once (hence the
job execution time should be smaller), the economic model
shows no improvement over sequential access patterns.

The LRU algorithm shows a significant improvement for
Gaussian walk access pattern jobs. A Gaussian walk access
pattern allows for files in the set to be accessed more than
once, whilst others are never accessed. Even if the set of
files a job could potentially access would not fit on the local
SE, the set of files selected by the Gaussian random walk
probably would. Hence, the problem encountered by the
LRU algorithm with sequential access jobs does not arise.
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To conclude, the economic model shows significant
performance improvements for sequential access patterns.
Even though for Gaussian walk access patterns LRU per-
forms better, our experiments show that the economic
model is more robust against jobs accessing files with vari-
ous patterns.

6 Conclusions

In this paper we presented a novel optimisation tech-
nique, based on an economic model, and discussed its use
in a Data Grid to optimise both replica selection and dy-
namic access-pattern-driven replication. We detailed the re-
verse Vickrey auction protocol that the optimisation agents
use for dynamically selecting the best replica of a requested
file. This considers both data locality and network laten-
cies. We also discussed the prediction function the agents
use for making replication decisions, which uses historical
data about file access patters.

To evaluate the efficiency of our algorithm we ran the
Grid simulator OptorSim configured to represent a real-
world Data Grid testbed from High Energy Physics, using
job throughput as a benchmark. We studied the impact of
different file access patterns on the performance of the eco-
nomic model and compared our results with a traditional
replication algorithm. The results clearly show that, for
some access patterns, the economic model based replication
algorithm shows a markedly improved performance com-
pared to the traditional algorithm. This is due to its ability
to prioritise files based on file access history and to replicate
accordingly.

As part of our future work we plan to extend our simula-
tion framework and evaluate our results against typical ac-
cess patterns from other large-scale analysis efforts. More-
over, we plan to embed in the economic model a “virtual
currency” to be used for file payement and take into con-
sideration also storage costs, which have been neglected so
far.
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