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Abstract—Data movement between tasks in scientific work-
flows has received limited attention compared to task execution.
Often the staging of data between tasks is either assumed or the
time delay in data transfer is considered to be negligible (com-
pared to task execution). Where data consists of files, such file
transfers are accomplished as fast as the network links allow, and
once transferred, the files are buffered/stored at their destination.
Where a task requires multiple files to execute (from different
tasks), it must, however, remain idle until all files are available.
Hence, network bandwidth and buffer/storage within a workflow
are often not used effectively. We propose an automated workflow
structural analysis method for Directed Acyclic Graphs (DAGs)
which utilises information from previous workflow executions.
The method obtains data-throttling values for the data transfer
to enable network bandwidth and buffer/storage capacity to be
managed more efficiently. We convert a DAG representation into
a Petri net model and analyse the resulting graph using an
iterative method to compute data-throttling values. Our approach
is demonstrated using the Montage workflow.

Index Terms—Performance analysis, System performance,
Petri nets, Scientific computing

I. INTRODUCTION

Using workflow techniques, scientists can specify their
computational experiments by means of a control/data flow
graph, consisting of a set of tasks and the dependencies
between them. Workflow enactors can subsequently interpret
these specifications, enabling tasks in the graph to be mapped
onto distributed resources. There are, however, several effi-
ciency limitations of the workflow system in performance and
resource usage [16]. Such limitations may be due to limited
parallelism within the application, or due to the workflow
enactment engine. In data-intensive workflows, the enactors
must be efficient in both mapping tasks to resources and in
transferring large data files between tasks. Previous approaches
exploit data location and link bandwidth information to min-
imise data movement or move data via higher capacity links
whenever possible. Such an approach of moving the largest
files via the highest-capacity links can result in sub-optimal
workflow execution [16].

This data movement policy generally involves moving the
output data of a task to its successor node immediately after
completing its execution. However, if a task needs multiple
files to be made available before it can begin execution, it
will remain idle until all the required data files from other
predecessor nodes have been delivered. It is therefore not how
fast each file can be moved to the task, but the interval from the
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delivery of the first file to the last one that is most significant.
Even if the first file is delivered quickly, the task must still
remain idle until others are also available. In consequence,
the effective use of network bandwidth and the buffer/storage
at the receiving task is not made. If one file arrives too early
taking up all of the network bandwidth for one task, it may
be at a determent to other tasks (which may have to wait for
their data to be delivered) — even though the receiving task
still has to wait for other files. Similarly, if there is limited
buffer capacity at the receiving task and the buffer needs to
be shared between tasks, a quick delivery of one file (while
waiting for other files to be delivered) for a task excludes
other tasks from using the same buffer. In general therefore, the
current practise of moving data from one location to another as
early as possible is often either: (i) unnecessary when viewed
in isolation (both in terms of networking and buffering): any
data file that arrives much before the last needed data file
or ii) harmful when viewed in-the-large: there is only finite
capacity on each link and a limited buffer capacity — multiple
concurrent data movement operations can significantly slow
each other down, or an inappropriate buffer usage may lead
to a buffer overflow. Park & Humphrey analysed this problem
in [16] and proposed a data-throttling framework that allows
a workflow programmer/engine to describe the requirements
on the data movement delay. This technique can be utilised to
balance the execution time of workflow branches and elimi-
nate unnecessary bandwidth usage, resulting in more efficient
buffer and network usage. However, they do not propose any
mechanism for analysing and automatically deriving the values
needed to throttle data exchange between nodes involved in the
transfer.

We propose an automated analysis method for Directed
Acyclic Graphs (DAGs) that may be used to derive data-
throttling values. The method utilises Petri nets for the work-
flow specification and combines the abstract representation
with performance information instrumented from past exe-
cutions, obtaining a performance model of the workflow: an
iterative method is used to compute data-throttling values asso-
ciated with different links within the workflow. Subsequently,
a performance analysis is conducted using the throttling values
and the result is compared with the performance achieved
without throttling. We analyse the impact of data throttling on
performance and consider the speedup or degradation caused
by this approach. As discussed in [16], data throttling has



an impact on the overall workflow performance depending on
the ratio between computational and transmission tasks. We
therefore believe that a performance analysis is mandatory
after the regulation of data transfer so that the trade-off
(between performance and storage) can be identified more
explicitly. The remainder of this paper is organised as follows.
In Section II, we provide a background overview on Petri nets,
and the Petri net-based analysis technique we are based on.
Section III includes a review of related work. In Section IV,
we describe our Petri net-based automated analysis method.
In Section V, we conduct a number of experiments with the
Montage workflow (an I/O intensive workflow used to create
image mosaics within the astrophysics domain) — which has
often been used in a number of other studies and forms a
useful basis for comparison. Section VI provides conclusions
and future work.

II. BACKGROUND

In this section, we introduce the Petri net formalism used
to represent our workflow models and the concept of slack —
a key concept used here (described in section II-A). Although
our analysis has been carried out using the Petri net formalism,
we are also able to take scientific workflows represented using
the DAX (Directed Acyclic graph in XML) format (used by the
Pegasus and also Triana workflow systems) and automatically
convert them into a Petri net representation (using the Petri
Net Markup Language (PNML) representation).

A Petri net [13] (PN) is a mathematical formalism used for
the modelling of concurrent and distributed systems. A PN is
a bipartite graph, which consists of two set of nodes, places
P, transitions T and directed arcs. An arc connects a place
with a transition, or vice versa, but it never connects a place
with a place or a transition with a transition. A place p may
have initially a natural number of tokens, called initial marking
of place p, denoted as mg(p). A distribution of tokens over
the places is then called a marking m. PNs have a graphical
notation where places are represented by circles, transitions
by bars, tokens by black dots and directed arcs by arrows.

A transition of a PN is said to be enabled when all its input
places have fokens. Once enabled, it can be fired and when
fired all these tokens are consumed and placed in the output
places. The firing of transitions of a PN is non-deterministic,
i.e. when multiple transitions are enabled at the same time any
of them can be fired.

The PN formalism can be extended by associating transi-
tions with a delay. The delay is characterised by a random vari-
able and represents the elapsed time for firing the transition.
Such an extension is called Stochastic Petri nets (SPNs) [2].
Stochastic Marked Graphs (SMGs) are a subset of SPNs. A
SMG is a SPN where each place of the SPN has exactly one
input and exactly one output arc.

In this paper, we make use of SMGs with exponential
random distributions associated with transitions in order to
model scientific workflows. In particular, we are interested
in workflows expressed as Directed Acyclic Graphs (DAGs),
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Figure 1. (a) Workflow tasks and (b) its transformation to PN.

where vertices represent tasks and edges represent data depen-
dencies between them. Figure 1 depicts how we derive a PN
model from a DAG. Figure 1(a) shows two workflow tasks
of a DAG, task; and tasks and a data-link dependence from
task; to tasks, while Figure 1(b) illustrates the transformation
to a PN. Note that such a PN model fulfils the definition of
a SMG model: there are timed transitions and each place has
exactly one input and exactly one output arc.

Hence, each task of the workflow DAG is transformed to
a place and a transition (represented by a white rectangle),
joined by an arc. A task transmission is also transformed
to a place and a transition (grey rectangle). For instance,
p1 — Tiask, represents task; of the workflow. Note that
place p; models the input buffer of task;. Finally, the data
dependency between task; and tasks is modelled by adding
a place and a transition, py and T}, ,, respectively. Transition
T, , Tepresents the time spent in sending output data from
task; to the input buffer of tasks (place ps).

A. Slack Calculation

Our PN model is used to calculate performance bounds,
rather than provide an exact analytical performance model.
This is due to the computational cost of deriving the reach-
ability graph of a PN, needed for an exact performance
analysis (an NP-hard problem requiring exponential space
requirement [10]). We make use of the algorithm presented
in [18] to compute upper performance bounds using an itera-
tive strategy. Such a strategy needs, as an input, the SMG to
be analysed and gives as an output an upper bound closer (i.e,
more accurate) to real performance than other upper bound
computational strategies. The core of the strategy is based on
the concept of slack. Let us consider a transition ¢ of a PN
where several places pi1,ps2...p, synchronise, i.e., all input
places of transition ¢ need to be marked (to have tokens) in
order for ¢t to be enabled. A slack at place p, represented
as u(p), identifies the difference in time between an input
token being available and its subsequent use (i.e., when token
is consumed). Hence, different values of slack measure the
time required to store input data before it is consumed by a
subsequent process.

As discussed in [18], the strategy makes use of linear pro-
gramming techniques (LPP) for which polynomial complexity
algorithms exist and it converges in a few iterations steps.

Slack values are obtained by computing a special distribu-
tion of tokens, called tight marking, m, which can be achieved
by solving the following LPP [5]:



Maximize Yo :
5(p*) - © < m(p)
ﬁ'l = 1My —+ C -0
U(tp) =k

for every p € P
(D

where 1,, is a transition that belongs to a critical cycle (given by
the upper bound © of the system), C is the Petri net incidence
matrix, o is the vector of firing counts of transitions, §(p®) is
the average service time of output transition ¢ of place p, i.e.
t = {p®}, and k is any real constant number.

Once a tight marking m for an SMG is computed, slack
values can be computed as follows:

m(p) > 6(p*) - © — m(p) =6(p*) - © + p(p)
where p(p) is the slack of place p, Vp € P.

III. RELATED WORK

Ordinary Petri nets and their extensions have been widely
used for the specification, analysis and implementation of
workflows [22]. In the scientific workflow community, they
have also been utilized and GWorkflowDL [17], [23], Grid-
Flow [11] and FlowManager [3] are representative examples
of this. PNs have also been used for the specification of
hierarchical scientific workflows, incorporating of exception
handling and check-pointing mechanisms [12], [19], [20].
However, in this paper, we use them for deriving performance
models of pure graph-based workflows.

On the other hand, an overview of the most significant
systems was carried out by Yu and Buyya in [24], which also
classifies existing automated data transfer strategies utilised
among tasks in workflows, namely centralised, mediated, and
peer-to-peer. A centralised approach utilises a central point for
data transmission. This solution is not scalable, and occurs
in systems where the time for data transfers is much smaller
than computations. Taverna [15] typically utilises a centralised
data transfer, due to the characteristics of the problems it
tackles. In a mediated strategy the locations of the intermediate
data are managed by a distributed data management system.
Finally, a peer-to-peer approach transfers data directly between
processing nodes. The direct transmissions of peer-to-peer
approaches reduce both transmission time and the bottleneck
problem caused by the centralised and mediated approaches.
Thus, they are suitable for large-scale intermediate data trans-
fer. The technique proposed in our paper is focused on data-
intensive workflows whose data movement strategy is peer-to-
peer based.

The Pegasus workflow system [7] has also dealt with
data-intensive workflows and has incorporated both mediated
and peer-to-peer transfers. In the mediated approach, Pegasus
utilises a data replica catalogue that stores the intermediate
data generated, so data can be subsequently retrieved rather
than recomputed again. Workflow performance speedup has
also been a matter of study in Pegasus, and abstract workflow
specifications go through a process of clustering (grouping of

small tasks) and partitioning which helps the meta-scheduler to
optimise the execution time. A similar approach was followed
in [9] with further optimisation at runtime by adapting to the
dynamically changing state of underlying resources. However,
none of these approaches makes an effective usage of both
network bandwidth and buffer/storage of files.

An analysis of the overhead for scientific workflows in Grid
environments was given by Nerieri et al. in [14]. The analysis
includes both load imbalance and data movement, with these
being identified as the most significant sources of overhead.
As discussed in this paper, Park & Humphrey [16] already
analysed the problem of load imbalance and data throttling for
scientific workflows. They proposed a process envelope based
framework for throttling data transfers. Nonetheless, they do
not provide any analysis method in order to automatically
obtain such data-throttling values. In this paper, we describe a
method that can automatically derive (sub-optimal) values for
them.

Performance analysis of scientific workflows has also been
studied in [8], [21]. The performance method by Duan et
al. [8] is based on a hybrid Bayesian-neural network for
predicting the execution time of workflow tasks. Bayesian
network is used for a high level representation of activities
performance probability distribution against different factors
affecting the performance. The important attributes are dynam-
ically selected by the Bayesian network and fed into a radial
basis function neural network to make further predictions. The
performance analysis approach used in the current work is
based on [21], a method that provides a parameterised Petri
net-based graphical model of the overall workflow structure.
This graphical view is of particular importance for studying
workflow performance, and the characterisation of tasks pro-
posed in [8] could be utilised as an input for the parameterised
model in [21].

Finally, Van der Aalst and Van Hee give in [1] a Petri net
structural analysis which has been undertaken for business
workflows. They utilised a specific class of Petri nets, WF-
nets, tailored towards workflow analysis. WF-nets can model
workflows with different kind of control operations such as
sequence, choice, synchroniser, fork or merge. The types of
structural analysis that can be undertaken includes correctness,
deadlock analysis or liveness.

IV. AUTOMATING DATA-THROTTLING ANALYSIS

In this section we describe our analysis method, which
consists of a sequence of four steps that are illustrated in
Figure 2. As an input, the method receives a PN-based DAG
workflow model (as described in Section II), and performance
information obtained from past executions (if any), or estima-
tions provided by the user (i.e. annotations given in a DAX
file). As an output, it generates throttling values for network
and buffer usage as well as the impact of these values have
on the overall workflow performance.

The first step merges the PN model and the performance
information (execution times for computational tasks and
transfer times for transmission tasks) and builds an SMG
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model. Then, it performs the Slack-based Performance Analy-
sis step described in Section II. The critical path (i.e. the path
with the longest delay) is obtained and slack values derived
for each input link of a task (primarily for those tasks which
have multiple input links) in the workflow.

As we parse the workflow graph, calculation of a data-
throttling value at one data transmission may impact a calcu-
lation of a data-throttling at other data transmissions. Hence,
if we start at the output node of a graph and work towards
the input nodes, the slack value (used for computing data-
throttling values) previously calculated along links close to the
output node would be influenced by those closer to the input
node. For instance, in the example DAG illustrated in 3, cal-
culating data-throttling values for all incoming links at taskg
first and then moving on to task, would imply that if incoming
links at tasks would be delayed, then tasky — taskgs might
be implicitly delayed and the previous adjustment done at
incoming links at taskg is no longer valid.

In order to minimise the complexity of this process, our
approach classifies the data transfers in a workflow into groups
of elements that are mutually independent and not affecting
one another. We refer to this as Slack Clustering in Figure 2.
In the Data-Throttling Values step, the method chooses one of
the clusters and derives throttling values from the calculated
slacks. Afterwards, the throttling values are used in the SMG
model and the remaining slacks in the workflow are re-
calculated accordingly. The process is repeated until there are
no more clusters to be regulated. For the computation of the
throttling values, the third step considers a point-to-point net-
work topology between tasks, i.e., all tasks are interconnected
through dedicated links. Finally, the Performance Analysis
step is carried out with (and without) data-throttling values
to determine the impact of data throttling on the workflow
makespan.

The steps of the method can be better illustrated using the
workflow example of Figure 3. The derived Petri net model

Figure 3. A workflow with 6 task and multiple inter-tasks dependencies.

is shown in Figure 4. As for the performance information,
for each computational task in Figure 3, 0; represents the
average execution delay for task;. We assume that each task
is executed on a different host (resource), therefore there is no
workflow imbalance. For data transfers, we assume a dedicated
network topology, i.e., each host is inter-connected to the
others.The available bandwidth is considered to be 100Mbps
with a latency of le™*s and the initial transfer policy is to
transmit as fast as possible. For the sake of simplicity in the
example, we also assume that all datasets are of equal size,
10MB.

The first step of the method, Slack-based Performance Anal-
ysis, obtains the workflow’s slowest path: task, — tasks —
taske in Figure 3. Such a workflow has three different
inputs where some slack will appear, namely task; — tasky
(because task, needs data from tasks, and tasks takes longer
than task; to execute), tasks — taskg, and tasky — taskg
(in both latter cases, the slacks happen because of the delay of
the input tasks — taskg). Using the SMG model in Figure 4,
the following slack values are derived: p(pg) = 0.089392,
(p1s) = 0.178451 and pu(p1g) = 0.357129.

Let us consider that we avoid the Slack Clustering step and
start the regulation by throttling the input task; — tasky:
the regulation would result in a decrease in transfer time
for tasky — tasky, so that data elements from task;, and
tasko arrive to task, simultaneously. At tasky — tasks:
an effective regulation would involve increasing the transfer
time from tasky — tasks, while decreasing the transfer from
taske — tasky. Due to this regulation, the transfer time
taske — task, is modified, but the throttling value obtained in
the the first regulation was obtained with the initial regulation,
where the transfer tasks — task, was actually faster.

In order to avoid such an effect, we propose the Slack
Clustering step, where inputs with slack that are not affecting
each other are grouped together. For instance, in Figure 3,
the input task; — tasks is at slack level 2 (because it
contains the input task, — taskg, which has some slack),
while tasks — taskg and tasky — taskg are at slack
level 1. In terms of the SMG model in Figure 4, the Slack
Clustering step groups pis, p1e in slack level 1, while pg is



grouped in slack level 2. Such a slack clustering is therefore
determined by the number of slack values in each workflow
path. For instance, the number of slack places in the path
task; — tasky — taskg is 2, i.e., p(po), u(p15) > 0, where
D9, P15 belong to path task, — tasky, — tasks.

Updated data-throttling values are obtained in step Data
Throttling Values, with all slack values being re-calculated
after each adjustment of a cluster. The adjustment is done
in increasing order of slack level (cluster), starting from level
1. Thus, in the example, we would increase the transmission
bandwidth for tasks — tasks (because it is the slowest
path and if there is available bandwidth in the network
link), and we would decrease the transmission bandwidth
for tasks — tasky. As a result of conducting this step for
the model in Figure 4, the following values are obtained:
transmission between task; and tasks (i.e., task; — tasks)
must be adjusted to a 28.57% of the total bandwidth (that
is, to 28.57Mbps), while task,; — task, must be adjusted to
35.156Mbps, and taske — tasks to 44.55Mbps.

To summarise, data-throttling values are derived from the
slack values as follows. A slack value u(p) indicates that
a transmission with duration tx,y must be delayed, i.e.,
tTnew = tToq+a. The value of o depends on the PN structure
and relates to u(p) and © (the upper performance bound of the
PN model): o = p(p)/O. The bandwidth BW of a network
link depends on the transmission time tx, tx = d/BW, where
d is the size of the data sent through the network link. Hence,
the new bandwidth BW,,.,, can be computed as:

1

L))
BWya ©-d
where BW,,4 is the current bandwidth assigned to that trans-
mission.

Finally, Performance Analysis must be conducted with and
without the obtained data-throttling values, so that the impact
on performance can be determined. We utilise SimGrid in
this paper, though other techniques are briefly discussed in
Section III. Figure 5 shows three execution timelines of the
previous workflow with different network topologies. Figure 5
(a) involves a single output link per node, Figure 5 b) corre-
sponds to a point-to-point network topology (i.e., dedicated
links), and Figure 5 c) is the same latter scenario but where
data regulation has been undertaken. T'ask; represents the
duration of each task ¢ (white boxes), and tx;; represents
the time for sending data from task; to task; (grey boxes).
The symbol A; ; means the waiting time for the dataset sent
from task; in the input buffer of task;, until task; begins ex-
ecution. Although data throttling does not significantly impact
makespan (5.6779 seconds versus 5.7750 seconds), it can be
noticed that it does impact the input buffer waiting times for
tasky and taskg.

BWnew = (2)

V. EXPERIMENTS AND RESULTS

Our strategy has been evaluated using the Montage [4]
workflow (see Figure 6) — a real application that has been

Network topology Network bandwidth
10Mbps | 100Mbps | 1Gbps
Single output 193.20s 61.18s 47.98s
PP without BW throttling 153.15s 57.17s 47.58s
PP with BW throttling 153.32s 57.21s 47.58s
Table I

MAKESPAN (IN SECONDS) FOR MONTAGE WORKFLOW WITH 5 INPUT
FILES, WITH DIFFERENT NETWORK TOPOLOGY AND BANDWIDTH.

used to create image mosaics in the astrophysics domain. A
description of the abstract workflow and performance infor-
mation were collected from DAX files generated with the
Pegasus workflow system !. We have performed two different
experiments. The first one determines the impact of bandwidth
throttling on the workflow makespan, while the second one
shows how buffer and network bandwidth utilizations change.

Our strategy has been implemented in Matlab, whilst simu-
lation of workflow execution has been carried out through Sim-
Grid [6]. SimGrid is a toolkit that provides core functionalities
for the simulation of distributed applications in heterogeneous
distributed environments. We utilised SimGrid as it provides
direct support for DAX files. For the experiments, we have
used the Montage workflow for 5 input files, composed of
25 tasks. Each task is considered to be executed on separate
hosts. Moreover, we have assumed two different network
topologies between hosts on the experiments: (1) each host
has just one output data-link; or (2) each host is connected
point-to-point (PP) to other hosts. Bandwidth throttling (BW
throttling) has been considered only for topology (2). We
have considered three different data-link bandwidths: 10Mbps,
100Mbps and 1Gbps. The experiments have been executed on
an Intel Pentium IV 3.6GHz with 2GiB RAM DDR?2 533MHz
host machine.

A. Impact on the Workflow Makespan

Table I summarises experimental results showing the impact
on makespan. The first column indicates the network topology,
the others show the different network bandwidth used in the
experiment: 10Mbps, 100Mbps and 1Gbps. The network la-
tency is assumed to be constant and equal to 10~ seconds for
all network topologies. The workflow makespan (in seconds)
is calculated based on the simulation time from SimGrid.

A point-to-point (PP) connection without throttling is a
26.15% faster than a single output data-link connection in
the first case (10Mbps), and only 0.84% in the last case
(1Gbps). Additionally, in all cases a PP connection with
throttling is slower than without throttling. As the bandwidth
increases, the impact on the workflow makespan becomes
smaller. Park & Humphrey [16] also indicated a correlation
between data transmission ypatiq and makespan, which our

. computation
results verify.

B. Input Buffers and Network Bandwidth Usage

In this section we measure the impact of data throttling on
the input buffer occupancy and network bandwidth. In order

Ihttps://confluence.pegasus.isi.edu/display/pegasus/WorkflowGenerator



Figure 4. PN-based abstract workflow with explicit data-transfer transitions.
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Figure 5. Makespan (in seconds) of workflow depicted in 3 with different network topologies.
Network topology Network topology Network topology

Montage task Single PP w/o. BW | PP w. BW Single | PP w/o. BW | PP w. BW Single | PP w/o. BW | PP w. BW

output throttling throttling output throttling throttling output throttling throttling
mDiffFitq 20.49s 0.45s 0.22s 2.44s 0.44s 0.21s 0.64s 0.44s 0.24s
mDiffFity 20.49s 0.45s 0.21s 2.44s 0.44s 0.21s 0.64s 0.44s 0.24s
mDiffFit3 20.24s 0.22s 0.14s 2.23s 0.23s 0.12s 0.43s 0.23s 0.11s
mDiffFity 0.09s 0.05s 0.23s 0.04s 0.03s 0.02s 0.03s 0.03s 0.01s
mDiffFits 20.59s 0.49s 0.24s 2.48s 0.47s 0.23s 0.67s 0.47s 0.25s
mDiffFit7 20.24s 0.23s 0.14s 2.23s 0.23s 0.11s 0.43s 0.23s 0.14s
mDiffFitg 26.84s 0.08s 0.09s 2.73s 0.05s 0.03s 0.32s 0.05s 0.05s
mDiffFitg 6.60s 0.15s 0.08s 0.50s 0.18s 0.09s 0.11s 0.18s 0.11s
mConcatFit 124.76s 4.20s 1.57s 15.965s 4.06s 1.96s 5.19s 4.05s 1.95s
mBackgroundy 33.84s 13.80s 7.02s 15.50s 13.49s 6.91s 13.66s 13.46s 6.73s
mBackgrounda 13.35s 13.35s 6.61s 13.05s 13.05s 6.45s 13.02s 13.02s 6.42s
mBackgrounds 33.94s 13.84s 6.55s 15.53s 13.52s 6.48s 13.69s 13.49s 6.61s
mBackgroundy 33.59s 13.57s 6.31s 15.28s 13.28s 6.30s 13.45s 13.25s 6.31s
mBackgrounds 40.19s 13.43s 6.45s 15.78s 13.11s 6.31s 13.34s 13.07s 6.44s
mImgTbl 1.63s 1.63s 0.75s 1.60s 1.60s 0.32s 1.60s 1.60s 0.21s

(a) 10Mbps (b) 100Mbps (c) 1Gbps
Table IT

BUFFER WAITING TIME (IN SECONDS) OF MONTAGE TASKS WITH DIFFERENT NETWORK TOPOLOGY AND BANDWIDTH.
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to fulfill this goal, we consider the inter-arrival time between
data items (e.g. files) to the same task. The results of this
experiment with three different network bandwidths (10Mbps,
100Mbps and 1Gbps) are shown in Table II((a), (b) and (c),
respectively). The first column indicates Montage tasks which
need more than one input to execute. The following columns
show the waiting time of input data in the buffer until the
task begins its execution with different network topologies:
one single output data-link per host, a PP connection between
hosts without (and with) BW throttling.

Hence, bandwidth throttling has a great impact on the buffer
waiting time of the tasks. Bandwidth throttling outperforms
both single out and PP in all cases, with mDiffFit, for 10Mbps
network being an anomaly. Note that even the bandwidth throt-
tling is not enhancing the buffer waiting time for mDiffFit,,
such buffer waiting time is strongly improved in the case of
the task mConcatFit (the next task in the workflow to execute
after mDIiffFity): it is reduced by 98.74% with respect to the
single output data-link topology and 62.61% with respect to
PP without bandwidth throttling.

When the network bandwidth is 1Gbps, the results of single
output data-link and PP without bandwidth throttling are quite
similar, whilst applying the bandwidth throttling still improves
the buffer waiting time of the workflow tasks.

We have plotted the results of tasks with the greatest
number of input dependencies in the Montage workflow (in
this case, mConcatFit and mImgTbl) in Figure 7((a) and (b),
respectively). As it can be observed, performing a bandwidth
throttling outperforms both other network topologies in the

experiment.

We can summarise our experimental findings as: i) there
exists an intrinsic relationship between the transmitted data
size and workflow task execution time which can be useful
for deciding when bandwidth throttling would be most appro-
priate; ii) applying data throttling in a PP network topology
does not make a significant change to the overall workflow
makespan (compared to other topologies); but iii) performing
data throttling has a great impact on the input buffer and
network bandwidth usage, as outlined in our results.

VI. CONCLUSIONS

Current scientific problems usually demand a large amount
of data transmissions and complex data analysis. Scientific
workflows have become the computational technology of
choice for solving such problems. However, scientific work-
flows can have data dependencies which neglect their intrin-
sic parallel behaviour. Previous approaches attempt to either
avoid data movement completely (i.e. by co-locating tasks or
moving them closer to the data source), or move data as fast
as possible (based on the network link capacity). This last
approach, however, can lead to some workflow tasks waiting
for incoming data, while blocking use of shared buffers that
could be better utilised.

In this paper, we study a data-throttling strategy for im-
proving the use of bandwidth and input buffers, so that tasks
have all their inputs arriving at the same time (buffer usage
minimised). In order to achieved this, some transmissions have
their speed modified (either reduced or increased), making a
better usage of bandwidth. The strategy takes as an input a
Petri net-based model of a workflow. Our approach makes
use of linear programming techniques for which polynomial
algorithms exist. As an output, the method obtains the throt-
tling data values, but it also analyses the affection that data-
throttling can have on workflow performance. The affection
depends on the workflow structure, and on the ratio between
computational and transmission and tasks. By means of this
analysis, the user can establish a trade-off between throttling
(and possible degrading the performance) or not. We have
tested our approach with Montage, a real scientific workflow
from astrophysics, supposing different data-link speeds. The
results are very promising, and show us how our approach
enables a more effective use of bandwidth, and reduces the
waiting time of data in input buffers.

As future work, we plan to test data-throttling values
obtained from the approach in more realistic environments.
Our approach can also be used for any workflow encoded in
DAX-based representation used within the Pegasus workflow
system. We are aware of a number of other workflow examples
— such as Cybershake, Epigenomics and Inspiral Search and
CIVET (brain imaging) — which all have DAX-based workflow
graph representations, involve synchronisation points and can
benefit from our approach.
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