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Abstract— Managing large datasets has become one major ap-
plication of grids. Life science applications usually manage large
databases that should be replicated to let applications scale. The
growing number of users and the simple access to Internet-based
applications has stressed grid middlewares. Such environments
are thus asked to manage data and schedule computation tasks
at the same time. These two important operations have to be
tightly coupled to get the best results.

This paper presents several heuristics that combines data man-
agement and scheduling using a steady-state approach. Starting
from an intial distribution given by the resolution of a linear
program, we optimize the results at run-time to improve the
quality of the data mapping and the scheduling of computation
requests when the request distribution evolves. Our theoretical
results are validated using simulation and logs from a large life
science application.

I. INTRODUCTION

An early and important usage of grid environments [1], [2]
comes from applications managing large data sets [3], [4] in
fields such as High Energy Physics [5] or life sciences [6].
To improve the global throughput of software environments,
replicas are usually put at carefully selected sites. Moreover,
computation requests have to be scheduled among the available
resources. To get the best performance, scheduling and data
replication have to be tightly coupled which is not always
the case in existing approaches. In existing grid computing
environments, data replication and scheduling are usually two
independent tasks. In some cases, replication managers are
used to find the best replicas in terms of access costs. However
the choice of the best replica should be done at the same time
as the scheduling of computation requests.

Our motivating example comes from an existing life science
application. The application tasks involve searching for the
signature or functional site of a protein or protein family in
a database. They have the following characteristics: a large
number of independent tasks of small duration and reference
database sizes from several MBs to several GBs which are
updated on a daily or weekly basis, several computational
servers available on the network, and the size of the overall
data set is too large to be completely replicated on every
computational server. In order to run such applications on the
grid, one has to solve two problems related to replication:
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finding how and where to replicate the databases and
choosing wisely the data to be deleted when new data
have to be stored. On the scheduling side, computation
requests must be scheduled on servers by minimizing some
performance metric that takes into account the data location.

In a previous paper [7], [8], we have presented a static
algorithm that provides simulataneous data management and
scheduling using a steady-state approach. Using a model of the
platform, the number of requests as well as their distribution,
and the number and size of databases, we define a linear
program to satisfy the constraints at every level of the platform
in steady-state. The solution of this linear program will give
us a placement for the databases on the servers as well as
providing, for each kind of job, the server on which they
should be executed. However, even if this algorithm is very
efficient when the requests frequency and the load of the
platform does not change over time, it reaches its limits rapidly
on a highly dynamic environment.

Thus we have improved our algorithm by adding heuristics
that allow some data to be deleted or moved on some specific
computing servers and adapt scheduling policies. On the
replication side, we need to choose which data should be more
replicated, which data must be deleted to gain storage space.
On the scheduling side, servers must be chosen according
to their load at a given time. Thus this leaves us with
different combinations of data and server management. This
paper presents a study of the behavior of this semi-static
algorithm under dynamic constraints and some solutions to
keep the overall system well balanced. Our theoretical results
are validated using simulation and logs from a large life
science application.

This paper is organized as follows. In the first section, we
discuss some previous work in the areas of data replication,
web cache mapping, and data and computation scheduling. In
Section III, we present our model of the problem and the algo-
rithm we designed to solve it . In Section IV, we present our
semi-static algorithm which improves the data mapping when
requests frequencies change. Finally, before some conclusions
and our future work, we discuss our experiments using the
OptorSim simulator [9] for replica managers.



II. RELATED WORK

Data replication has attracted much attention over the last
decade. Our work is connected to several others: high perfor-
mance web caches, data replication, and scheduling in grids.

With the rapid growth of the Internet, scalability became
a major issue for the design of high performance web ser-
vices [10]. Several researchers have studied how to optimally
replace data in distributed web caches [11], [12]. Although this
problem seems to be close to ours, the fundamental difference
between the two is that our problem has a non-negligible
computation cost that depends upon the speed of the machine
hosting a given replica.

In computation grids, some work are focused on replica-
tion [13]; an example is Datagrid project from the CERN [14].
OptorSim [9], [15], built within this project, allows one to
simulate data replication algorithms over a grid. A modified
version of this tool was used in our paper. In [16], several
strategies are simulated including unconditional replication
(oldest file deleted, LRU) and an economic approach. The
target application is data management for the Datagrid physics
application. Simulation shows that the economic model is
as fast as classical algorithms. In [17], the authors describe
Stork, a scheduler for data mapping in grid environments.
Data are considered as resources that have to be managed
as computation resources. This environment is mainly used to
map data close to computations during the scheduling of task
graphs in Condor [18].

In [19], the scheduling of computations is linked to a
previous data mapping. Tasks are scheduled on the least loaded
processors close to sites where data are stored. Replication
is also used to improve performance. The research that is
closest to the results presented in our paper seeks to schedule
computation requests and data mapping on remote sites at
the same time. In [20], [21] several strategies are evaluated
to manage data and computation scheduling. These strategies
are either strongly related to the scheduling of computation
or completely disconnected. In [22], the authors present an
algorithm (Integrated Replication and Scheduling Strategy) in
which performance is iteratively improved by working alter-
natively on the data mapping and the task mapping. However,
the approach still separates replication and scheduling, but in
a connected fashion.

III. STATIC JOINT REPLICATION AND SCHEDULING
ALGORITHM

In this section, we present the first algorithm we de-
signed [7], [8]. It uses a modelization of the target platform
(processor speed, storage capacity, size of databases, frequency
of requests). We called this algorithm SRA for Scheduling and
Replication Algorithm.

Typical architecture used in our motivating application is
made of several clients connected through the Internet to clus-
ters managing databases and computation requests. Databases
can be replicated on different servers. We also assume that
a given server can host different databases at the same time

provided that there is enough storage and that the applications
using these databases are available on this server.

Our study focuses on managing data and their replica-
tion taking all these parameters into account to improve the
makespan of a set of requests. We also make the assumption
that for each data, there is at least one server with enough
space to store it. Our study is done in a steady state context. So
we do not have to take into consideration initialisation costs,
i.e. cost for transfering databases onto the server defined by
the placement. Once the data is stored where it should be, it
will not have to be moved again during the execution of jobs.
From the data point of view, there are two possibilities for the
platform. Either there is enough space on servers to store at
least one copy of each database in the platform, or it is not
possible and only a subset of databases can be stored at the
same time.

We have computed a set of constraints describing the
platform and its behavior. This leads to a linear formulation
of the data placement and scheduling problem. The solution
of this linear program gives us a placement for the databases
on the servers as well as providing, for each kind of job, the
server on which they should be executed. More precisely, for
a type of request, we know how many jobs can be executed on
the platform and we also know how many requests of this kind
should be executed on each server to reach optimal throughput.
Thus, with the placement of data, the linear program also gives
good information for the scheduling of requests.

We also proved the NP-completeness of the problem (in
the weak sense) by reduction to 2-PARTITION [23]. To
find the optimal solution of the linear program, which is
mixed with both rational and integer, we choose to solve the
relaxed program over rational number. Then we designed an
algorithm based on all parameters of the system to iteratively
approximate the integer solution. Simulations (using Optor-
Sim) proved that this algorithm is more efficient than a Greedy
algorithm for the data mapping and an online algorithm for
the scheduling of requests, especially when the storage space
is small.

IV. SEMI-STATIC ALGORITHM

Our first algorithm was based on the assumption that the
frequency of requests and the load of the servers were known
in advance (or if we were able to use the past to predict the
future) and they did not change over time. This assumption
holds for early experiments and local grids but this clearly
not the case for large scale platforms and actual executions of
real applications on large scale grids. Moreover, some specific
accesses to databases by bioinformatic researchers can lead to
large increases of accesses to some specific databases.

One first (and simple) solution could be to run our static
algorithm once a while and redistribute the replicas according
to the new replication scheme. The period has to be carefully
computed because a small period will lead to an increase of the
number of redistributions and a long period will lead to a bad
load-balance of the platform. Moreover the computation the
optimal mapping can be time-consuming. Another solution, is



to run the static algorithm once, and observe the platform to
detect changes in data and computation task usages and to
update the data mapping and request scheduling accordingly.
The static algorithm can still be used for over larger periods
of time.

The architecture of our replication and scheduling frame-
work is given in Figure 1. Usual architectures of grid systems
are made up of a resource broker, data manager, and com-
putational servers. Resource manager receives computation
requests from clients and distributes them to computational
servers following a scheduling policy. Data manager is in
charge of moving, deleting and locating data on the different
servers. With SRA we have added a SRA manager that
computes the static data mapping and scheduling using given
information about the execution of previous requests. We now
add a fifth component called DynSRA manager that observe
load of computational servers and take dynamic decisions
about placement and scheduling. These decisions are then sent
to the SRA manager which gives order to resource broker and
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Fig. 1. Functional architecture of the DynSRA systems.

The semi-static algorithm is given in Algorithm 1. The idea
is to found the server which the most loaded and balanced
its load to other computation servers by replicating data and
adapt scheduling. This algorithm can be sumarized in 5 main
steps. For each step we have defined different metrics to
determine the best server and data to consider in order to
adapt scheduling and data placement.

a) Step 1 (Line 4): choice of overloaded server

First an overloaded server has to be chosen. We have several
choices as a performance measure.

« MaxCompServ: most loaded server in computation vol-
ume. We compute the overall computation volume of
requests to be solved on each server.

o MaxTimeServ: most loaded server in computation time.
We take into account the server speed (we can use
historical informations in case of external load).

o MaxOverMedianServ: server that is the most over from
median in computation. We compare the load of a specific
server compared to the average load over all the servers
used in the target platform.

Then, we must choose the data which is the cause of

overload.

Algorithm 1 General semi-static algorithm.
1: while requests remain in the request queue do
2:  Compute the servers’ load
3 if there are overloaded servers then
4: Choose P,yerioad as the most overloaded server
5
6
7

Find the data Dy,,q that leads to overload

Choose P, derioad an underloaded server

if there is enough room to replicate Dj,,q oOn
Punderload then

8: Replicate
9: else
10: while there is not enough room on P, derioad for
Dload do
11: Choose a data to be removed on P, ,decrioad
12: end while
13: if there is still not enough room then
14: Restore deleted files
15: Choose another server as Py nderioad and go to
step 1
16: end if
17: end if
18: if if the data mapping has been changed then
19: Update scheduling
20: Resubmit requests concerned
21: end if
22:  end if

23:  Wait for delay
24: end while

b) Step 2 (line 5): choice of data to be replicated to
another server

« MaxCompData: most costly data in computation. We
choose the data which is used by heavy load requests.

« MaxDiffData: data whose usage does not match expect-
ing usage. We choose the data for which accesses are
greater than expected during the computation of the static
algorithm.

We need to find a server which can host the data to be
replicated.

c) Step 3 (line 6): choice of underloaded server

o MinCompServ: less loaded server in computation. Same
performance measure as in MaxCompServ but we
choose the least loaded server.

o MinTimeServ: less loaded server in time. Same perfor-
mance measure as in MaxTimeServ and we choose the
least loaded server.

o MaxUnderMedianServ: server that that is the most over
from median in computation. Same performance measure
as in MaxOverMedianServ

If there is not enough room to put the data on a chosen
server, one data must be deleted.

d) Step 4 (line 11): choice of data to delete if necessary
o LessUsedData: less used data.



e MinCompData: data that involves the less computation
on chosen server.

Finally, one must update the scheduling of requests.
e) Step 5 (line 19): rescheduling

e LPSched: linear program with new placement fixed.

o EqShareSched: equal share of load between underloaded
and overloaded servers.

o MedianCompSched: share between overloaded and un-
derloaded servers depending of their current load.

All these choices for each step leads to different heuristics
that may have different performance results. The different
combinations and their results are discussed in the following
section.

V. PERFORMANCE EVALUATION

To test the results of our model, we used Advanced Optor-
Sim [24] which is simulator for grid environment dedicated to
data management.

A. Experimental Environment

The target platforms of our studies are highly distributed and
may span over multiple administrative domains. Therefore, it
may be quite difficult to conduct repeatable experiments for
long running applications on such systems.

For our experiments, we extracted from execution logs
of NPS@ [25] cluster all information about data sets and
algorithm usage. With external information about data sizes,
algorithm computation costs, and a description of the target
platform, we generated the concrete instance of the linear
program used in SRA scheduling. This linear program is
solved using Ip_solve. The results give us information about
data mapping and job scheduling. These outputs are used, with
other configuration files, as inputs for the simulator.

The simulated platforms have been generated using
Tiers[26]. Tiers has been widely accepted as a generator of
realistic wide-area topologies. The topologies generated by
Tiers have three level of hierarchy: WAN, MAN and LAN.
We refer to [26] for a precise description of the topology
generation procedure in Tiers. For the simulations, nodes at
the LAN level are considered as computational clusters, nodes
in MAN and WAN are only routers without computation or
storage abilities.

Requests are submitted to the RB with a frequency around
ten per second. This could seems to be a very high rate, but
discussions with the biology and bioinformatic communities
lead to the conclusion that the more computation power we
provide, the more they will use.

B. Results and Discussion

In this section we discuss our experiments using Advanced
OptorSim. We have done simulations for 14 combinations of
heuristics. These combinations are described in Table 1. In the
following, we will refer to these combinations of heuristics
using the id defined in Table I.

Our semi-static algorithm is designed to adapt scheduling
and data placement when requests that are submitted do not
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Fig. 2. Execution time for 40000 requests as a function of the difference
between usage pattern use for initial mapping and scheduling and usage
pattern that really occured for heuristics given in Table I
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Fig. 3. Execution time for 40000 requests as a function of the difference
between usage pattern use for initial mapping and scheduling and usage
pattern that really occured for heuristics given in Table I. Only usage of
10 most frequent requests have been modified.

match the usage pattern used for initial placement. So we have
created a method that generates a set of requests that differ
from another of a fixed value. Let v be that value, called the
variation factor. A request is defined as an algorithm ay, k €
[1..p] applied on a databank d;,j € [l..n]. Starting from a
known set of requests, we count nb,4(j, k) the number of
requests asking to apply aj on d;. Then we compute a new
value nbyeq, (7, k) so that:

v
nbnew (]; k) nbold(+/ )nbold 100 ( )

We now can calculate the new frequency of requests ax on
d; that should appear on the new set.
. nbnew (] ) k)
f(]7 k) Zi Zk nbnew (]7 k) (2)
We then created 3 kinds of sets. In the first one, called
all, the frequency of each kind of request has been modified
and the fact that the new frequency was higher or lewer than
initial was choosen randomly. In the second set, max10, only
the frequency of the 10 kinds of request that were already
the most used have been raised. In the third sets, min10, the
frequency of the 10 less used kinds of request was increased.
1) Function of the Variation Factor v: Figures 2, 3 and
4 show the execution time of a set of 40000 requests as




TABLE I

DIFFERENT COMBINATIONS THAT HAVE BEEN IMPLEMENTED IN THE SIMULATOR.

id ||  overload server mostloaded data |  underload server | data to delete | scheduling | id
0 none none none none none 0
1 MaxTimeServ MaxCompData MinTimeServ none EqShare 1
2 MaxTimeServ MaxCompData MinTimeServ MinCompData LPSched 2
3 MaxTimeServ MaxCompData MinTimeServ MinCompData EqShareSched 3
4 MaxTimeServ MaxCompData MinTimeServ MinCompData | MedianCompSched 4
5 MaxTimeServ MaxDiff MinTimeServ LessUsed LPSched 5
6 MaxTimeServ MaxDiff MinTimeServ LessUsed EqShare 6
7 MaxTimeServ MaxDiff MinTimeServ LessUsed MedianCompSched 7
8 MaxOverMedianServ | MaxCompData | MinOverMedianServ | MinCompData LPSched 8
9 MaxOverMedianServ | MaxCompData | MinOverMedianServ | MinCompData EqShare 9
10 || MaxOverMedianServ | MaxCompData | MinOverMedianServ | MinCompData | MedianCompSched 10
11 MaxOverMedianServ MaxDiff MinOverMedianServ LessUsed LPSched 11
12 || MaxOverMedianServ MaxDiff MinOverMedianServ LessUsed EqShare 12
13 MaxOverMedianServ MaxDiff MinOverMedianServ LessUsed MedianCompSched 13
650 . . . . . ..
ool 0};;‘,‘; ‘:7 that execution time is decreasing while the variation factor
3:%,, - is increasing. That surprising result can be easily explained
550 1= /\/3 7 . . . .
w0l » | by the characteristics of requests affected by the variation
£ ol T | factor. The most used requests are requests that need small
i a0 - ) computation power. So that, increasing the number of those
T el P - small jobs will also reduce the number of biggest requests, and
" ‘/Y\'C/ the computation power needed for the overall set of requests is
ol T ) lower. The group with worst performance is again composed
of heuristics 0 and those using LPSched . All other heuristics
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Fig. 4. Execution time for 40000 request as a function of the difference
between usage pattern use for initial mapping and scheduling and usage
pattern that really occured for heuristics given in Table I. Only usage of
10 less frequent requests have been modified.

a function of the variation factor used to generate the set
of requests. As several heuristics have the same behaviour,
we have joined them in the same shape to prevent to have
14 curves on the same graphics and make it more readable.
Figure 2 is results for set of type all, Figure 3 for set of type
max10, and Figure 4 for set of type minl0.

On Figure 2, we can distinguish 3 distinct groups. Heuristics
3, 4,9 and 10 let the system to have a stable execution time
even when variation factor is very high. For the two other
groups, execution time increases slowly when v between 1
and 100. After this point, results become really unstable and
can be 5 times bigger than results of the best group.

In the group with worst results, there is the heuristic 0
which does not do any adaptation, and proves, if necessary
the need of a dynamic mechanism. In the same group, there
are all heuristics using LPSched . It can be explained by
the computation time needed to solve the linear program but
also, and mainly, by the fact that the system never have the
good information about frequency usage. It causes the linear
program to be not accurate to real situation and always make
a wrong scheduling.

On Figure 3, we notice only two groups. It also shown

have same results.

On Figure 4 there are five different groups. Once again,
worst results are obtained by heuristic 0 and those using
LPSched , for same previous reasons. The best results are
obtained by heuristics using MaxCompData and MinCom-
pData as for the all set. In that case, for variation factor
between 1 and 400, heuristics 1, 3, 4, 6, 9, 10 and 12 have their
execution time that decrease. As previously, it can be explained
by the characterisitcs of requests affected by variation factor.
The requests with the smallest frequencies are those that use
biggest databanks. When one of these databanks is placed
on a server, that one is almost dedicated to the few requests
that need it (because there is not enough room to store other
databanks). And the amount of computation power needed
for those rare requests is lower than computation available on
this server. Increasing the number of these kinds of requests
will lead to a better use of these servers if the scheduling is
adapted accordingly. But, when the frequency of these requests
becomes too large to be executed on a single server, the biggest
databanks should be replicated on other servers. Then the
execution time for the whole set of requests increases, as we
can seen in Figure 4 for variation factor higher than 400.

2) Function of Storage Space: Figures 5, 6, and 7 show the
execution time of a set of 40000 requests as a function of the
ratio between space available in the whole platform and the
size of databanks to be stored. Like in previous figures, we
have grouped heuristics which have the same behaviour in a
single shape. Figure 5 is results for set of type all, Figure 6
for set of type max10, and Figure 7 for set of type minl0.

In all three cases, we find the same results as in previous
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section when storage space available is greater than 13 times
the size of databanks to be stored in the platform. In that area,
heuristics 0, 2, 5, 8 and 11 have always the worst results,
while heuristics 3, 4, 9 and 10 have almost always the best
results. It is to notice that heuristic 1 have better results than
3 and 9. The only difference between 1 and 3 is that 1 does
not make any suppression of data. Added to the results of 4
and 9, we can conclude that the way scheduling is done is the

600 T T

025811 ——
671213 ——
550 39 i
P " 410 ——
500 B
3
g8 40 — 7
w /
5
£ 400 1 PJ =
I
350 | B
‘\ NS
300 ’ B
250 L L L L L L L
5 10 15 20 25 30 35 40

space available / size of databanks

Fig. 7. Execution time for 40000 requests as a function of the ratio between
space available in the whole platform and size of the databanks for heuristics
given in Table I. Only usage of 10 less frequent requests have been modified.

1000 T

T T T
0125678111213 ——
34910 —
900 - E
800 4
700 -
600 TV‘ A il

400 ‘ 4
.“ANA\/\/\\ 1 1 \A\/\/\\ A\ /\\f.v

300

time x100s

0 100 200 300 400 500 600 700 800 900 1000
variation

Fig. 8. Execution time for 40000 requests as a function of the difference
between usage pattern use for initial mapping and scheduling and usage
pattern that really occured for heuristics given in Table I. Initial data mapping
is random.

most important but a bad choice of data to delete can results
in too much data movement.

When the ratio between storage space available and the size
of the databanks is in the interval [1..12], results are very
unstable. In the case of the all set, there are three distinct
groups. In other groups, the difference between heuristics is
not so important. With maz10 and minl0 sets, the same
heuristics can have very different results. As it as already been
seen in the case of a static placement [8], when storage space
is very small, a data stored on a wrong server can have a big
impact on performance of the overall platform.

3) Impact of the Initial Scheduling and Data Distribution:
In order to see the impact of the initial distribution we ran the
same simulation as in Section V-B.1. The difference is that,
at start of the platform, databanks are randomly distributed
amongst servers trying to fill all the space available in a greedy
fashion. Each databanks is stored at least once and cannot be
stored twice on the same server. All schedule informations
are set to the same value (10). Figures 8 show the execution
time of a set of 40000 requests for all set of requests. Like in
previous figures, we have grouped heuristics which have the
same behaviour in a single shape.

In Figure 8, we can notice two groups of heuristics. Once
again, best results are obtained for heuristics 3, 4, 9 and
10. It means heuristics using MaxCompData and MinCom-
pData for the choice of data to replicate and delete and
EquShareSched or MedianCompSched for rescheduling.
With random distibution, performance are lower than starting
with SRA placement and scheduling. The main conclusion of
these simulations is that the heuristics 3, 4, 9, and 10 allow
the system to keep the execution time quite stable whatever
the initial distribution is.

We have done same experiments with minl10 and maz10
sets of requests (not shown here). In both case the two same
groups of heuristics with same kind of results as with all set
can be observed.

C. Summary of Experimental Results

In the three series of experiments, we have evaluated the
impact of the different heuristics designed to detect a bad



load-balancing among the available servers and adapt the data
placement and request scheduling.

The random series prove that even when variation factor is
very high, the initial placement has an importance. Starting
the simulation with a random distribution does not, in most
case, give result as good as starting with SRA placement and
scheduling.

In all case, the heuristics based on MaxCompData |,
MinCompData and MedianCompSched gave the best re-
sults allowing to balance load between the different servers.
Heuristics using LPSched always give the worst results. The
linear program has been designed for a static use, and it
never computes good scheduling information when it has a
knowledge about pattern usage of databanks which is not
accurate enough.

But when the storage available in the whole platform is quite
small, it is quite difficult to adapt correctly data distribution
and scheduling if the main load is caused by small (max10)
or very big (minl0) databanks.

VI. CONCLUSION AND FUTURE WORK

In this paper, we have presented several ways of optimizing
a static data mapping and request scheduling algorithm when
the requests frequency and the load of the overall platform
changes over time. Following some recent results on a join
replication and scheduling algorithms, we have proposed a
new semi-static algorithm that allows an optimization of the
data mapping and request scheduling at run-time.

Using Advanced Optorsim simulator, we have tested a set
of heuristics designed to adapt scheduling and data placement
to change in data usage patterns. Heuristics are based in obser-
vation of historical performance data on computation servers
to detect overloaded servers and how redistribute their load
to other servers in order to optimize the use of computational
power available in the platform. Simulations shown that the
good choice of data that cause the overloading of server and
replicate it on the right server let the system to stabilize
execution time of the whole set of requests with the condition
to adapt correctly scheduling information. Simulations using
MaxCompData , MinCompData and MedianCompSched
had always the best performance results.

Our future work will consist of adding communication costs
for the requests in the model of the SRA and design new
heuristics to take them into account. We also plan to implement
these heuristics in the DIET [27] environment to validate them
in a real environment on the Grid’5000 platform.
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