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Abstract.  GridSolve employs a RPC-based client-agent-server model for sohing computational prob-
lems. There are two de ciencies associated with GridSolve when a computational problem essentially
forms a work ow consisting of a sequence of tasks with data dependendes between them. First, inter-
mediate results are always passed through the client, resulting in unnecessary data transport. Second,
since the execution of each individual task is a separate RPC sessionjt is di cult to enable any poten-
tial parallelism among tasks. This paper presents a request sequencingtechnique that addresses these
de ciencies and enables work ow executions. Building on the requ est sequencing work, one way to
generate work ows is by taking higher level service requests and decomposing them into a sequence of
simpler service requests using a technique calledservice trading. A service trading component is added
to GridSolve to take advantage of the new dynamic request sequencing. The features described here
include automatic DAG construction and data dependency analysis, dir ect inter-server data transfer,
parallel task execution capabilities, and a service trading component.

1 Introduction

GridSolve [5] employs a brokered-RPC client-agent-server model for handling computatnal problems in a
distributed computing or grid environment (Figure 1). A complete RPC session n GridSolve consists of two
stages. In the rst stage, the client sends a request for a remote service to the agt, which returns a list
of capable servers ordered by some measure of their capability. The actual remotersice call takes place in
the second stage. The client sends input data to a selected server; the server handles the request aeturns
the result back to the client.
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Fig. 1. The standard RPC-based computation model of GridSolve.
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This request-reply RPC model forms a star topology of requests and replies witlthe client at the center,
since all data tra ¢ must involve the client. The is e cient for solving comput ational problems consisting
of a single task. However, when a computational problem forms a work ow consithg of a set of service
requests with data dependencies, this model is highly ine cient due to two de ciencies. First, intermediate
results are passed among tasks via the client, resulting in additional, unnecessadata tra ¢ between the
client and the servers. Second, since the execution of each individual task is a separatd’® session, it is
di cult to exploit the potential parallelism among tasks.

For example, consider the following sequence of GridRPC calls:

grpc_call("funcl”, ivec, ovecl, ovec2, n);
grpc_call("func2", ovecl,n);
grpc_call("func3", ovec2, n);
grpc_call("func4”, ovecl, ovec2, ovec, nh);

In this example, the outputs of funcl, namely ovecl and ovec2, are returned back to the client and im-
mediately sent from the client to the servers runningfunc2 and func3, resulting in two unnecessary data
movements. Figure 2 illustrates the data ow for the above calls. This exanple demonstrates that when data
dependencies exists among tasks, it may be unnecessary to transfer intermediate resuliack to the client,
since such results will be needed immediately by the subsequent tasks.

To eliminate unnecessary data tra c involving the client, GridSolve has incorporated and enhanced a
technique called request sequencingAn earlier version of GridSolve implemented a much simpler version
of request sequencing [10] [2] which avoided unnecessary data transfers back to the cliebut forced all
the requests involved in the sequence to run on a single server and ignored any poti parallelism in the
tasks. The current work improves on the older request sequencing techniques by exposingd exploiting
parallelism in the tasks.

The objective of this work is to provide a technique for users to e ciently solve computational problems
in GridSolve by constructing work ow applications that consist of a set of tasks, among which there exist
data dependencies.

In GridSolve request sequencing, a request is de ned as a single GridRPC call to an aVable GridSolve
service. GridRPC [11] is a standardized API that describes a Remote Procedure Ca(RPC) interface in a
Grid computing environment. The terms request, service request, and task are usedhterchangeably in this
paper. For each work ow application, the set of requests is scanned, and the data dependency lveten each
pair of requests is analyzed. The output of this analysis is a DAG representing the wd ow. The work ow
scheduler then schedules the DAG to run on the available servers. A set of tasks can femtially be executed
concurrently if the DAG permits it. In section 2 the details of request sequencing arepresented.



In order to eliminate unnecessary data transport when tasks are run on multiple ervers, the standard
RPC-based computational model of GridSolve must be extended to support direct data trasfer among
servers. Figure 3 illustrates the alternative data ow of Figure 2, with direct data transfer among servers.
Supporting direct inter-server data transfer requires server-side data storage. A sger may have already
received some input arguments and stored them to the local storage, while waitindor the additional ar-
guments. In addition, a server may store its outputs to the local storage inorder to later transfer them to
the servers that need them. In section 3, we present a method of using special data les akata storage.
Section 4 discusses approach to scheduling the work ow on the available resources, asdction 5 presents
the request sequencing API in GridSolve.

Building on the request sequencing work, one possible way to generate work ows isybtaking higher
level service requests and decomposing them into a sequence of simpler service requestagusi technique
called service trading Section 6 presents some of the ideas involved in service trading, though a detad
presentation of service trading in GridSolve is available separately [7].

2 Work ow Modeling and Automatic Dependency Analysis

2.1 Data Dependencies and Directed Acyclic Graphs

In GridSolve request sequencing, the work ow is represented by a DAG. Each node in th®AG represents a
request (task), and each edge represents the data dependency between requests. Consider our usxample
of GridRPC requests, which have various input (vec) and output (oveq data items.

grpc_submit("return_int_vector",ivec,n,ovec);
grpc_submit("vpass_int", ovec, n);
grpc_submit("igsort", ovec, n);
grpc_submit("int_vector_add5",n,ovec,ovec?);

The dependencies between the requests are implicit in the de nition of the data items (input, ouput, inout)
and in the sequential order that the requests are submitted. Given a set of GridRPC cls, we identify four
types of data dependencies:

Input-After-Output (RAW) Dependency A service reads a data argument after a previous service
writes that data argument. The actual data involved in the dependency will be transferred directly
between servers, without the client being involved.

Output-After-Input (WAR) Dependency One service writes an data argument after a previous service
reads that data argument. The write cannot proceed until the read completes. This is smetimes also
called afalse dependency, since it can be eliminated by creating copies of the data. However, we do not
attempt to eliminate false dependencies at this time.

Output-After-Output (WAW) Dependency This represents the case where two requests in the se-
quence write the same output argument. The output of the request that is depended on will notbe
transferred back to the client since the shared data will be overwritten shortlyy by the depending request.

Conservative-Scalar Dependency This type of scalar data dependency occurs in the conservative se-
quencing mode that will be introduced shortly.

If all these dependencies are maintained then the sequential program order will be preserd. The rst
three types of dependencies apply to non-scalar arguments such as vectors and matricesgilie 4 gives an
example DAG with all types of non-scalar data dependencies (RAW, WAR, and WAW). For scalar arguments,
it is much more di cult, and even impossible to determine if two scalar arguments are actually referencing
the same data, since in GridSolve scalar data can be passed by value as welllasreference. Our solution
is to provide users with several modes that use di erent approaches for analyzing datdependencies among
scalar arguments. The supported modes are as follows:

Optimistic Mode  In this mode, scalar arguments are ignored when analyzing data dependencies.



Fig. 4. An example DAG with all three kinds Fig.5. The example DAG in Figure 4 with an
of non-scalar data dependencies. additional scalar data dependency.

Conservative Mode  In this mode, two successive requests with one having an input scalar argument and
the other having an output scalar argument, are viewed as having a conservative-saa dependency, if
these two scalar arguments have the same data type.

Restrictive Mode  In this mode, scalar arguments are restricted to be passed by reference, and data de-
pendencies among scalar arguments are analyzed as usual.

Figure 5 depicts what it looks like in Figure 4 with one conservative scalardependency.

2.2 Automatic Dependency Analysis and DAG Construction

In GridSolve, non-scalar arguments are always passed by reference. In addition, da@argument has some
attributes associated with it speci ed in the service description. These attributes describe the data type of
the argument (integer, oat, double, etc.), the object type of the argument (scalar, vector, or matrix), and
the input/output speci cation of the argument ( IN, OUT or INOUTJ. These attributes, along with the data
reference, can be used to determine if two arguments refer to the same data item. The pseudode of the
algorithm for automatic DAG construction and dependency analysis is presented in Agorithm 1. Notice that
in the algorithm, each node is assigned a rank, which is an integer representirte scheduling priority of this
node. The algorithm for work ow scheduling and execution uses this rank informationto schedule nodes to
run. The algorithm for work ow scheduling and execution is presented in Section 4.

As an example, considering the following work ow (this work ow is programmed using the API functions
that will be introduced in Section 5):

grpc_sequence_begin(OPTIMISTIC_MODE);
grpc_submit("return_int_vector",ivec,n,ovec);
grpc_submit("vpass_int", ovec, n);
grpc_submit("igsort", ovec, n);
grpc_submit("int_vector_add5",n,ovec,ovec?);
grpc_sequence_end(0);

The DAG produced by the above algorithm (Figure 6) may contain redundant edges fron the perspective of
both execution and data tra c. For example, in Figure 6, the RAW dependency between return_int_vector

and int_vector_add5 is redundant, since the input argument ovec of int_vector_add5 will come from
igsort instead of return_int_vector . Removing this redundant edge will a ect neither the execution
order nor the e ective data ow of the DAG. The nal step in building and analyzing the DAG is to remove
all such redundant dependencies. Figure 7 shows the DAG in Figure 6 after all redundant edgesearemoved.



Algorithm 1 The algorithm for automatic DAG construction and dependency analysis.
1: Scan the set of tasks, and create a DAG node for each task;

2: Let NodeList denote the list of nodes in the DAG;

3: Let N denote the number of nodes in the DAG;

4: for i=1to N 1do

5. Let P denote node NodelList [i], and P ArgList denote the argument list of node P;
6: for j=i+1to N do

7: Let C denote node NodeList [j ], and CArgList denote the argument list of node C;
8: for each argument PArg in PArgList do

9: for each argument CArg in CArgList do

10: if Parg and CArg have identical referencesthen

11: if PArg:inout = (INOUT OR OUT) AND CArg:inout = (IN OR INOUT) then
12: Insert a RAW dependency RAW( P, C);

13: else if PArg:inout =IN AND CArg:inout = (INOUT OR OUT) then

14: Insert a WAR dependency WAR( P, C);

15: else if PArg:inout = (INOUT OR OUT) AND CArg:inout = OUT then
16: Insert a WAW dependency WAW( P, C);

17: end if

18: end if

19: end for

20: end for

21: Assign the appropriate rank to node C;

22:  end for

23:  Assign the appropriate rank to node P;

24: end for

3 Inter-Server Direct Data Transfer

One approach to inter-server data transfer via a Grid le system called Gfarm was introduced in [13]. This is
similar to the Distributed Storage Infrastructure (DSI) implementation [ 3] in GridSolve. In GridSolve, DSl is
mainly used for building external data repositories to provide large chunks ofmput data and output storage
to tasks running on servers. Both approaches use external libraries that must benstalled and con gured
prior to use.

In this paper, we describe our approach to direct inter-server data transfer via le staging. File staging
is a service in GridSolve that moves les between two servers. Our approach uses ldaging as a medium of
transferring intermediate data between two servers. Speci cally, intermediate esults are rst saved as data
les, and are then staged to the target servers, on which they are restored by théasks depending on them.
This approach not only eliminates unnecessary data transport, it also protects thesystem from losing data,
since data can be easily retrieved from locally saved les. In our approach, seers that need an intermediate
result \pull" the that data from the servers that produce it. It is therefore necessary for the server that needs
an intermediate result to know which server produces it. Our solution is to have theserver that produces
the intermediate result send adata handlevia the client to the servers that need the result. A data handle
is a small data structure that describes various aspects of an argument in GdiSolve, including object type,
data type, storage pattern, task name, server name, data size, le name, le path. The\pull" approach to
data-movement was used because it allows a more dynamic approach to scheduling.

In GridSolve request sequencing, data handles are used as virtual pointers to interadiate results stored
in special data les. Data handles are passed between two servers via the client. Theecipient of a data
handle, the server that needs the data referenced in the data handle, asks for the intermediate tiaby
sending a request to the server that stores the data. Upon receiving the request, the sawthat stores the
intermediate data sends it directly to the requester via le staging, without the cli ent being involved.
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4 Work ow Scheduling and Execution

As mentioned in Section 2, after the dependency analysis, a DAG is built for a work owand each node
in the DAG is assigned an integer representing the rank of that node. The rank of a nodéndicates the
scheduling priority of the node. The client will schedule and execute a work ow based on theank of each
node. Speci cally, nodes with the same rank are independent of each other and can be scheduled nan
simultaneously. Initially, the client will schedule the nodes with the highest rank (rank 0) to start executing.
Notice that all the input arguments for such nodes should be available at the tine of execution. The client
will schedule the remaining nodes to run if and only if both the following two conditions are satis ed: 1) all
the input arguments are available, and 2) all the dependencies involving the node are rebred.
A dependency is resolved if the parent node in the DAG has nished its execution. A resolved dependency

is removed from the DAG. The algorithm for work ow scheduling and execution is ¢hown in Algorithm 2.
The client executes the algorithm and acts as the manager of DAG execution. The algahim uses level-based

Algorithm 2 The algorithm for work ow scheduling and execution.

1: Let N denote the total number of nodes in the work ow to be scheduled;
2: Let M denote the number of requests that have been scheduled;
3: M = N =0; CurrentSchedRank = 0;

4: repeat

NodelList = NodeWithRank(CurrentSchedRank);

K = NumNodes(NodelList);
AssignRequestsToServers(NodelList);
ExecuteNodes(NodeList);

9:  WaitUntilFinished(NodeList);

10:  CurrentSchedRank = CurrentSchedRank + 1;

11: M=M+ K;

12: unti M = N

clustering to group nodes that can be scheduled to run simultaneously. Nodes with the sae rank are viewed
as on the same scheduling level, and are clustered and scheduled to run simultaneouslyotie that the
routine AssignRequestToServers assigns the nodes on the current scheduling level to the available servers.
The assignment of requests to the available servers is critical to the overbperformance of the execution of



a DAG. In our current implementation, we use a simple round-robin strategy to asign tasks on a specic
level onto the available servers.

The above round-robin scheduling algorithm is primitive and probably will be highly ine cient when
the work ow is complex. A major de ciency of the algorithm is that it does not take i nto consideration the
di erences among tasks and does not really consider the mutual impact between task clustery and network
communication. In addition, sometimes it will be helpful for reducing the total execution time if some tasks
on a speci c scheduling level are scheduled to run before other tasks on the same levahe algorithm,
however, does not support this kind of out-of-order execution of tasks on the same lseduling level. This
primitive algorithm will be replaced by a more advanced one in our future work

5 GridSolve Request Sequencing API

One important design goal of GridSolve request sequencing is to ease the prograrmg of work ow appli-
cations by providing users with a small set of API functions, presented in Table 1 The current APl does

Table 1. GridSolve Request Sequencing API.

Function prototypes
gs_sequence_begin(int)
gs_submit(char*, ...)
gs_submit_arg_stack(char*, arg_stack*)
gs_sequence_end(int)

not support advanced work ow patterns such as conditional branches and loops. We are phning to investi-
gate such advanced work ow patterns in the future to make GridSolve request sequencing more powerful
technique for work ow programming.

6 Generating Work ows via Intelligent Service Trading

We have de ned an API for submitting a sequence of service requests to GridSolve so tha work ow DAG
can be automatically inferred from the sequence of GridSolve requests. The DAG cahe executed using
GridSolve so that it preserves the sequential semantics of the original sequence sérvice requests, reduces
data movement requirements, and allows potential parallelism to be explded.

However, the users still needs to know about the services that are currently availae, and to choose
the appropriate sequence of services that will satisfy the users overall goalnirecent work, we have turned
our attention to considering techniques for the generation of a work ow from a higher level description of a
problem. Many complex problems can be handled by the combination of di erent sets of asilable services.
The process ofservice trading [6] searches for the appropriate sequence of services to satisfy the complex
problem at hand.

A service trading framework has been incorporated into the GridSolve middlewag system on an experi-
mental basis [7]. A complex problem request is described within the system using a Higr-level mathematical
description. The services provided by GridSolve are described using similar mathentiaal descriptions. For
example, matrix addition (saxpy) and multiplication ( sgemm) are can be view this algebraic speci cation
as:

Matrix x; y :daxy(x;y)= x+y

Scalar ; ;Matrix x; y; z :dgemm(;Xx;y; ;z )= X y+ z

When a request for the higher level problem is received, the service trader component examindset available
services and uses equational uni cation to search for and compose a sequence of ali¢ services that satisfy



the complex higher-level request. This sequence of related service requests is then executed asstrithuted
work ow using the request sequencing API.

As a small demonstration of the capabilities of the combination of GridSolvewith service trading, some
linear algebra services (e.g. level 3 BLAS and LAPACK) have been enhanced with mathemiial descriptions
in order to support service trading. However, the ideas behind service trading are eneralizable, so any
complex process that can be described with the appropriate algebraic description canebincorporated in this
framework.

The ease-of-use of this approach is demonstrated from the Matlab client interfee supported by GridSolve:

a=[1,2,3;4,5,6;7,8,9]
b=[10,20,30;40,50,60;70,80,90]
[output]=gs_call_service_trader("(a+(b*a))"),

output =
301 362 423
664 815 966
1027 1268 1509

The service trader analyzes the input data items and their operations, discovers aviible services that could
be composed to satisfy these operations (e.glaxpy, dgemm), tries multiple methods of composing these
services, selects an appropriate sequence of services, and submits the services requestgthe GridSolve
request sequencing API.

Using the service trader with GridSolve makes the users service requests more eent by the following
two factors. First, the service trader evaluates the computational cost of thevarious service choices for the
users speci ¢ data in order to choose more e cient services. Second, the request sequencing Aéhables the
parallelism in the sequence of requests. There is a cost to the analysis performég the service trader, but
we expect to reduce this cost in future work.

The major advantages provided by the combined framework are ease-of-use and trgrerency. The end
user does not have to be knowledgeable in grid computing, mathematical libraries,lgorithmic complexity,
data dependency analysis, parallel asynchronous exaltation, fault-tolerance, or angf the details that are
transparently handled by this system. The framework provides fault tolerance atvarious levels of failure. If a
single service falils, it is transparently retried; if all copies of a servicénave failed, the trader can formulate the
complex request as di erent combination of services. The user need not be aware of the estacomposition of
services that satis es the request. A detailed description of the service trading im@mentation in GridSolve
is available elsewhere [7].

7 Applications and Experiments

This section presents experiments using GridSolve request sequencing to build practicalork ow applica-
tions. The rst application is to implement Strassen's algorithm for matri x multiplication. As shown below,
Strassen's algorithm works in a layered fashion, and there are data dependencies be®n adjacent layers.
Thus it is natural to represent Strassen's algorithm as a work ow using GridSole request sequencing.

The second application is to build a Montage [8] [4] work ow for creating science-tade mosaics of astro-
nomical images. Montage is a portable toolkit for constructing custom sa@nce-grade mosaics by composing
multiple astronomical images.

7.1 Experiments with Strassen's Algorithm

This subsection discusses a series of experiments with the implementation of Sssen's algorithm using
GridSolve request sequencing. The servers used in the experiments are Linux boxes wibual Intel Pentium
4 EM64T 3.4GHz processors and 2.0 GB memory. The client, the agent, and theesvers are all connected
via 100 Mb/s Ethernet.



Implementation Strassen's algorithm is a fast divide-and-conquer algorithm for matrix multiplication.
The computational complexity of this algorithm is O(n%8'), which is better than the O(n®) complexity of
the classic implementation. Strassen's algorithm is recursive and works i block, layered fashion, as shown
by Table 2. Table 2 illustrates the outline of a single level recursion of the fyorithm [12].

Table 2. The outline of a single level recursion of Strassen's algorithm.

Ti=An+ Ax T2= Aa + A
Ts= A+ A Ta= Az An
Ts = A Az Te = Bu1 + B2
T7=B B2 Tg = B2a: Bn
To= B+ B2 Tio = B21 + B2
Qi=T1 Ts Q2=T2 Bu

Q3=Aun Ty Qs=An Ts
Qs=Tz: B2 Qs=Ts To
Q7=Ts T

Ciu=Q1+Qs Qs+ Q7 Ci2= Q3+ Qs
Co = Q2+ Qs Cx2=0Q1 Q2+ Q3+ Qs

As shown in Table 2, Strassen's algorithm is organized in a layered fashiorand there are data depen-
dencies between adjacent layers. Thus it is natural to represent a single level recursi@f the algorithm as a
work ow and construct the algorithm using GridSolve request sequencing. It can be seenhiat on each layer,
tasks can be performed fully in parallel, since there is no data dependency among taslon the same layer.
For instance, the seven submatrix multiplications (Q1 to Q7) can each be executed by aeparate process
running on a separate server.

Results and Analysis  Figure 8 plots the execution time as a function of N (matrix size) of Strassen's
algorithm on a single server, both with and without inter-server data transfer. This gure demonstrates the
advantage of eliminating unnecessary data tra ¢ when a single server is used. It carbe seen in the gure
that the computational performance with direct inter-server data transfer is consistently better than that
without the feature. This gure shows the case that only one server is used. In this casdantermediate results
are passed between tasks locally within the single server when direct inter-servetata transfer is enabled.
When multiple servers are used, intermediate results are transferred directly anmg servers. Considering that
servers are typically connected using high-speed interconnections, the elimination of unnecesg data tra c
will still be helpful in boosting the performance in the case that multiple sewers are used. Figure 9 plots the
execution time as a function of N of Strassen's algorithm on 4 servers, both with and without inter-server
data transfer. The same conclusion that eliminating unnecessary data transport ibene cial can be obtained
as in Figure 8.

It can be seen in Figure 8 and 9 that parallel execution in this case is disappoimgly ine ective in
improving the computational performance. This is attributed to several important reasons. As discussed
above, in the case that a single server is used, intermediate results are passedtween tasks locally within
the single server, resulting in no real network communication. In contrast, when raltiple servers are used,
some intermediate results have to be passed among tasks running on di erent sesxs, resulting in real network
transfer of large chunks of data. Considering that the client, the agent, and theservers are all connected via
100 Mb/s Ethernet, the overhead of network tra ¢ can be relatively large. Therefore, the e ect of parallel
execution in improving the overall performance is largely o set by the overheadof additional network tra c.

In addition, the overhead within the GridSolve system further reduces the weight of thetime purely spent on
computation in the total execution time, making it even less e ective to try to r educe the computation time
by parallel execution. Another important reason is that the primitive algor ithm for DAG scheduling and
execution is highly ine cient for complex work ows, as discussed in Section 4. The abee result indicates



140

Without Hirect inter-sérver data Iraﬁsfer — 140 Without Hireclinler-sérver data traﬁsfer —
With direct inter-server data transfer | With direct inter-server data transfer
120 | /] 120 F Va
#
5 100t 1 o 100 /
& ) A
E 80 E 80 /
c c P
% 60 | % 60 | /]:
i & -
40 + , 40 + A+
A / '
20 | ~ B 20 | */K
i A
R G
0 Ltk . . . 0 Loeset™ ) . . .
0 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500
N N
Fig. 8. The execution time of Strassen's algorithm Fig.9. The execution time of Strassen's algorithm
as a function of N on a single server, both with and as a function of N on four servers, both with and
without inter-server data transfer. without inter-server data transfer.

that GridSolve request sequencing is not an appropriate technique for implementing ne-graned parallel
applications, since the overhead of network communication and remote service ingation in GridSolve can
easily o set the performance gain of parallel execution.

7.2 Experiments with Montage

Montage is program for building highly detailed mosaics of astronomical inages. It uses three steps to build
a mosaic:

Re-projection of input images this step re-projects input images to a common spatial scale and coordi-
nate system.

Modeling of background radiation in images this step recti es the re-projected images to a common
ux scale and background level.

Co-addition : this step co-adds re-projected, background-recti ed images into a nal mosaic.

Each step consists of a number of tasks that are performed by the corresponi Montage modules. There
are dependencies both between adjacent steps and among tasks in each step.

We present a series of experiments with a simple application of the Montageoblkit, introduced in
the following subsection. Unlike Strassen's algorithm for matrix multiplication, this is essentially an image
processing application and is more coarse-grained. The servers used in the experimgiate Linux boxes with
Dual Intel Pentium 4 EM64T 3.4GHz processors and 2.0 GB memory. The clientthe agent, and the servers
are all connected via 100 Mb/s Ethernet.

A Simple Montage Application We use the simple Montage application introduced in \Montage Tutorial:
m2101 Mosaic" [9], which is a step-by-step tutorial on how to use the Montag toolkit to create a mosaic of
10 2MASS [1] Atlas images. This simple application generates both backgumd-matched and uncorrected
versions of the mosaic [9]. The step-by-step instruction in the tutorial can ke easily converted to a simple
work ow, which is illustrated by the left graph in Figure 12. The rest of t his section refers to this work ow
as the naive work ow. The detailed description of each Montage module used in thepplication and the
work ow can be found in the documentation section of [8].

The output of the naive work ow, both the uncorrected and background-matched versions & the mosaic,
are given in Figure 10 and 11, respectively. It can be seen that the background-nbehed version of the mosaic
has a much better quality than the uncorrected version.



Fig. 10. The uncorrected version of the mosaic. Fig. 11. The background-matched version of the mo-
saic.
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Fig. 12. The naive (left) and modi ed (right) work ows built for the simple Montage application. In each work ow,
the left branch generates the uncorrected version of the mosaic, wheeas the right branch generates the background-
matched version of the mosaic. Both branches are highlighted by the wrapping boxes.

Parallelization of Image Re-projection The execution time of the naive work ow on a single server is
approximately 90 to 95 seconds, as shown below. The most time-consuming operaii in the naive work ow
is mProjExec, which is a batch operation that re-projects a set of images to a common spal scale and
coordinate system, by callingmProjectPP for each image internally. mProjectPP performs a plane-to-plane
projection on the single input image, and outputs the result as another image. It is bvious that the calls
to mProjectPP are serialized inmProjExec. Thus, an obvious way to improve the performance of the naive
work ow is replacing the single mProjExec operation with a set of independent mProjectPP operations
and parallelize the execution of these independent image re-projection operations. Theork ow with this
modi cation is illustrated by the right graph in Figure 12. The rest of thi s section refers to this work ow as
the modi ed work ow.

Results and Analysis  Figure 13 shows the execution time (sorted) on a single server of the best 10 of
20 runs of both the naive and modi ed work ows. It can be seen that the performanceof the modi ed
work ow is signi cantly better than that of the naive work ow. The reason is that the single server has
two processors as mentioned above, and therefore can execute twuProjectPP operations simultaneously.
This result demonstrates the bene t of parallelizing the time-consuming image re-projecton operation by
replacing the singlemProjExec with a set of independentmProjectPP operations. It is still interesting to see
whether using more than one server can further speed up the execution. This is investigatdu) the following
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Fig.13. The execution time (sorted) on a single Fig. 14. The execution time (sorted) of the best 10
server of the best 10 of 20 runs of both the naive of 20 runs of the left branch of the modi ed work ow
and modi ed work ows. on di erent numbers of servers (1, 2, and 3).

experiment. The next experiment is based on a smaller work ow, which is the leftbranch of the modi ed
work ow, i.e., the smaller branch that produces the uncorrected version of the mosai. The reason for using
a smaller work ow is that we want to minimize the in uence of the uctuating execution t ime of the right
branch on the overall execution time. The expectation that using more than one serer can further speed up
the execution is demonstrated by Figure 14. The gure shows the execution time (saed) of the best 10 out
of 20 runs of the left branch of the modi ed work ow on di erent numbers of servers (1, 2, and 3). It is not
surprising to see in the gure that the performance is better as more servers aresed to increase the degree
of parallelization.

8 Conclusions and Future Work

GridSolve request sequencing is a technique developed for users to build work ow applicatns for e cient
problem solving in GridSolve. GridSolve request sequencing completely eliminates unnecesgalata transfer
during the execution of tasks. In addition, it is capable of exploiting the potential parallelism among tasks
in a work ow. The experiments discussed in the paper promisingly demonstrate thebene t of eliminating
unnecessary data transfer taking advantage of the potential parallelism. Anmportant feature of GridSolve
request sequencing is that the analysis of dependencies among tasks in a work ow is fuljutomated; users
are not required to manually specify the dependencies among tasks in a work ow. Theskatures plus the
easy-to-use API make GridSolve request sequencing a powerful tool for building worbw applications for
e cient parallel problem solving in GridSolve.

The service trading component integrated on top of the GridSolve request sequencingfrastructure
provides additional advantages to a user in terms of ease-of-use and transparency. Ttewmbination of
request sequencing and service trading provides fault tolerance at various levels ofilizre. If a single service
fails, it is transparently retried by GridSolve; if all copies of a service hae failed, the trader can formulate the
complex request as di erent combination of services. The user need not be aware of the estacomposition
of services that satis es the request.

In future work the request sequencing scheduler will be improved to make more intaient resource
management decisions rather than using the simple level based scheduler. The service tradéh be optimized
to reduce the associated with generating DAGs from complex service requests.

A integrating theme in GridSolve research is ease-of-use and our goal in this wois to make GridSolve an
easy-to-use yet powerful tool to enable an end user to write work ow programs. e user should not have to be
knowledgeable in grid computing, mathematical libraries, algorithmic complety, data dependency analysis,



parallel asynchronous exaltation, fault-tolerance, or any of the details that ae transparently handled by this
system.
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