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ABSTRACT

Advances in technology and the increasing number and scale of
compute resources have enabled larger computational science ex-
periments and given researchers many choices of where and how to
store data and perform computation. Analyzing the time to comple-
tion of their experiments is important for scientists to make the best
use of both human and computational resources, but it is difficult
to do in a comprehensive fashion because it involves experiment,
system and user variables and their interactions with each configu-
ration of systems. We present a simulation toolkit for analysis of
computational science experiments and estimation of their time to
completion. Our approach uses a minimal description of the experi-
ment’s workflow, and separate information about the systems being
evaluated.

We evaluate our approach using synthetic experiments that re-
flect actual workflow patterns, executed on systems from the NSF
TeraGrid. Our evaluation focuses on ranking the available systems
in order of expected experiment completion time. We show that
with sufficient system information, the model can help investigate
alternative systems and evaluate workflow bottlenecks. We also
discuss the challenges posed by volatile queue wait time behavior,
and suggest some methods to improve the accuracy of simulation for
near-term workflow executions. We evaluate the impact of advance
notice of predictable spikes in queue wait time due to down-time and
reservations. We show that given advance notice, the probability of
a correct ranking for a sample of synthetic workflows could increase
from 59% to 74% or even 79%.

1. INTRODUCTION

In this paper we discuss the analysis of time to solution for large-
scale computational experiments. Competition for limited computa-
tional resources is a common problem in improving time to solution,
and improving understanding of the impact of this competition on a
given workflow is the motivation for this work.

Time to solution is affected by many factors, including system
performance, local site queues, and network bandwidth. There-
fore, computational scientists are faced with a complex optimization
space when evaluating the efficiency of their workflow. They can
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attempt to reduce their time to solution by requesting allocation on
alternative systems. They could potentially use a different queue pri-
ority, make reservations, and even modify their workflow. However,
the information needed to decide among these tactics to reduce time
to solution can be difficult to obtain, and evaluating many combi-
nations of possibilities including different systems and workflows
is difficult. Expert users can guess well based on experience with
familiar systems, but exhaustively evaluating the space of options,
including unfamiliar or currently unavailable systems, is very diffi-
cult. Anecdotal evidence suggests that users are overly conservative
in making these decisions, and often choose to stick with a famil-
iar system instead of one that may allow them to complete their
experiment much sooner [37].

We suggest that simulation tools can allow scientists to rapidly
compare potential variations of an experiment, such as system
changes or changes in job size and input/output requirements. This
results in better-informed decisions and increased scientific produc-
tivity, as measured by reduced overall time to solution.

In this paper, we review factors affecting time to completion for
large experiments in section 2] In section 3| we introduce LED, a
lightweight experiment description language that is designed for
ease of prototyping potential changes in experiment workflow such
as using new systems or changing job sizes. In section[d we discuss
a discrete-event simulation toolkit for building models of compu-
tational science experiments that uses LED as input, and provides
ways to integrate system-specific parameters for network perfor-
mance and queue wait time. In section[5] we show that a presented
model, built using our toolkit provides useful information about the
effects of system characteristics and experiment time to completion
that will enable users to evaluate choices that can both accelerate
research progress and productivity. We discuss related work in
section[@l We conclude with notes on future directions in section [71

2. MODELING WORKFLOWS

A computational science experiment can range from a short simu-
lation on a single workstation to a large-scale, multiple-job effort
requiring many people and institutional resources. In this paper
we focus on large-scale experiments involving highly parallel code
running on managed, shared clusters, such as those in the NSF
TeraGrid [19]).

The workflows we discuss in this work are relatively simple
compared to the complex examples that motivate the development
of workflow management and execution tools. However, many
heavy users of computational resources do have such comparatively
simple workflows. These workflows are not so simple that they can
not benefit from analysis, because even a basic “pipeline” workflow
at large scale likely involves multiple potential sites, large data
transfers between computational jobs, and visualization steps to



verify correct progress.

The potentially large number of configurations of available re-
sources introduces a great deal of complexity into the task of “run-
ning a simulation”. For example, a research group may have al-
locations on many compute resources with differing policies, and
S0 every time a job is submitted, a choice is made either implicitly
or explicitly to use a particular system at one of potentially many
priority levels. Most codes can run at a variety of scales, and often a
trade-off between performance and allocation cost is implied in the
choice of a scale to run. Then follows a choice about where to store
data, and what resource to use for generating visualizations that are
commonly required to evaluate results.

We have built a model of the process of running simulations
at large scale, which allows a scientist to evaluate the impact of
these decisions systematically. High demand for limited resources
is the common thread in the parameters of our model. Time dila-
tion, the factor increase in time to completion over actual job run
time, is typically 10x on TeraGrid resources [33]. Computational
performance is not always the controlling factor of overall time
to solution [37]], and available differences in per-job performance
between systems may affect an experiment less than variability in
queue wait time [24]]. Our model focuses on bottlenecks such as
queue wait time, data transfer speed between sites, and visualization
steps. The following sections discuss a characterization of these
bottlenecks as parameters of our simulation framework.

2.1 Data Transfer

Large scale computational science experiments often generate
large data sets which must be transferred between systems for anal-
ysis, and on to archival storage before the experiment is complete.
At large scale, this can be a significant factor in time to solution.
However, compute-performance-focused models do not address data
transfer outside the program, and the cost of moving data can vary
widely, making it important to consider when evaluating several
systems.

The TeraGrid SpeedPage [26]], a web archive of daily GridFTP [[12]
performance experiments, is a good reference for network perfor-
mance seen in production HPC systems. It reports results from an
automated benchmark that performs GridFTP transfers of about
4 GB between TeraGrid sites, occurring twice daily. A December
2008 analysis of SpeedPage data showed that incoming transfer
bandwidth between TeraGrid systems ranges from 32.9 MB/s at the
25™ percentile to 69.17 MB/s at the 75" percentile.

As an example of data transfer bottlenecks in large experiments,
Enzo, a cosmology simulation program [25], produced approxi-
mately 13 Terabytes of output data per 18-hour job in the 2007
INCITE experiment, writing a 770 Gigabyte data set every 45 to
60 minutes of compute time. The runs used all 6,080 processors
of NERSC Seaborg, an IBM Power-3 system with 44 Terabytes of
shared storage [20]]. The data was required to be visualized and
saved to archival storage, each at a different location, after each sim-
ulation run [[13]]. Thus, depending on available scratch disk space
at each location, transfer rate could limit the rate of progress of the
computation.

A recent article showed that at currently measured internet speeds
of 20 Mbits/s, physically shipping disks overnight has a 45x latency
advantage over using WAN links for a dataset of 10 terabytes [2].
Furthermore, network cost-performance has only increased 3 x from
2004 to 2009, while disk capacity and performance have improved
10x [2], and a similar 10x improvement can be found in CPU
processing power over the same time scale [17]]. Although recent
tests of high-end networking equipment have shown bandwidth of up
to 7.48 Gbps using InfiniBand WAN extensions [28], improvements

in network performance still may not keep pace with disk capacity
and processor performance.

2.2 Batch Job Queues

Batch job queues are among the most visible and often-discussed
productivity problems in HPC [33]. It is common knowledge that
sharing resources incurs significant overhead in an experiment.
When viewed in terms of overall completion time, it can be more of
a factor than computational performance differences between sys-
tems. In a study using batch queue prediction to generate schedules
for a grid workflow, Nurmi et al. show that using queue information
alone resulted in schedules with makespans about three times faster
than schedules produced with only computational performance in-
formation [24].

To cope with long queue wait times, a user may be able to use a
different system, request special priority, or alter the job size. Larger
jobs reduce the number of jobs that must go through the queue, while
smaller jobs may increase the likelihood of early execution due to
back-filling. However, experience shows that due to uncertainty
about possible benefits, users are often reluctant to switch systems,
despite potentially large reductions in time to solution.

3. EXPERIMENT DESCRIPTION

In order to allow users to quickly describe their workflows for
input to a simulation model, allowing them to analyze how the
workflow could be affected by these bottlenecks, we have developed
a language called Language for Experiment Description, or LED. A
workflow described in LED format includes only the performance-
critical components of a planned experiment.

Each experiment is described as a sequential list of tasks or par-
allel task sets. Lists represent tasks with sequential dependencies,
and sets represent tasks that are independent of each other. Descrip-
tions can be nested, so that one can describe an independent set of
lists which contain sequentially dependent tasks. For convenience,
the language permits finite loops, but after processing, the input
to the simulator is a directed, acyclic graph (DAG). For complex
workflows, it is also possible to describe an arbitrary DAG directly
in LED with dependency lists, but for many common patterns it is
simpler to use the list and set notation. It should take about the same
amount of time as a conversation or short email with a colleague to
describe the experiment workflow in LED.

LED models workflows at a higher level of abstraction than exe-
cutable workflow languages such as Swift [39]], and other workflow
systems that describe DAGs of tasks, such as Kepler [15] and Pega-
sus [[8,[7]]. Our focus is on quickly describing the parameters of a
workflow that most affect its time to completion, so LED descrip-
tions do not include enough detail to manage actual scheduling and
execution of a workflow, with the provenance, fault tolerance, and
administrative issues that implies.

It is possible to describe real complex experiments using LED.
As an example, we have fully described the WRF Nature Run [[18]
experiment, which involved many stages of spin-up using several
machines, eventually resulting in a calculation of record scale and
resolution. This experiment description is 47 lines of YAML and
was put together over a short email exchange with the lead scientist
on the project.

LED is a subset of YAML [38]], a markup language intended to be
easily read and written by humans. Anyone familiar with a scripting
language like Python will find it natural. This design also makes it
convenient to generate LED descriptions automatically by building
the description using native Python data structures and serializing
to LED. This is useful in building higher level, application-specific
tools using the simulation framework.



Each task in LED represents some operation on data, either a
computation or a network transfer. Computation tasks must specify
an estimate for their duration, a location, and a processor count. This
is used to generate a queue wait time estimate during the simulation.

eii:;Tmfgzrhp le parallel experiment” Transfer tasks. must specify the amount (.)f data being transflerred
tasks: and the endpoints of the transfer. Figure[T]is an example experiment
~ name: "initial transfer" description in LED with two ind.epend§nt tasks, represented. as‘ a
type: transfer set. As shown in the task locations, lists of values are valid in

size: 1000 LED, for all types of data values. Thus, a single LED description

can represent several variations of an experiment. The example in
figure[T]defines four separate experiments, one for each combination
of the task locations. Each experiment has two tasks. Figure[2]shows

location: ranch
destination: sdsc—-HPSS

23;2 " ;ZSfpendent Jobs a graphical representation of the four experiments defined by the
tasks: example in figure|[T]
o 3(5)12 ' 3.1 Translation from Workflow Execution Lan-
location: [datastar, bigred] guages
type: "compute" LED explicitly supports manual generation of workflow descrip-
duration: 12 tions as a tool for prototyping potential changes, and we believe
- name: "job 2" that it is important to allow fast prototyping in this manner for a
size: 256 prediction tool. However, if an experiment’s workflow has already
location: [datastar, bigred] been generated for a workflow execution system or language, it is
type: "compute" best if that effort can be leveraged to generate an LED description.
duration: 12 We are investigating ways to translate workflows in other languages
into LED format.
Preliminary work has been done on a translator from the DAX
Figure 1: A LED experiment description with a transfer and XML format used by the Pegasus workflow execution system [7]].
independent tasks. The translator uses the dependency list feature of LED to generate a

DAG of computation tasks from the nodes in the DAX DAG, and
generates data transfer tasks based on the data dependencies in the
DAX file. We have translated examples in DAX from the archive
presented by Bharathi et al. [3]. Evaluating a simulation model
based on these translated examples will be the subject of future
work.

At present the translation requires some manual interaction, to
specify a list of systems that each computation could potentially
run on. This information would be provided by the system for the
workflow scheduler when executing the workflow, but we currently
require user input as the translator is not integrated with the Pegasus
system. In the future, this list could be saved so that translation could
be nearly automatic across minor changes to the source workflow.

initial
transfer

initial

transfer

job 1: job 2:
datastar datastar

4. SIMULATION FRAMEWORK AND PA-
RAMETERIZATION

To support a variety of analyses of experiments described us-
ing LED, we have built a simulation model framework consisting
of a discrete event simulation engine written using Python and
SimPy [30].

Keeping in mind that accurate parameterization is often the most
challenging part of building a simulation tool, and hence addi-
tional parameters do not necessarily result in more accurate sim-
ulations [1T]], we have begun with a minimal set of parameters to

describe workflows, shown in table (@)} Workflow and system

job 1: job 2: parameters are defined independently, to ease workflow definition

@ ‘ ‘ @ and allow many workflow simulation users to share the effort of
maintaining accurate and up-to-date system parameters.

Our discrete-event simulation engine reads the experiment de-

Figure 2: Workflow DAGs described by example in figure/[T] scription and statistical descriptions of system parameters and per-
forms repeated simulations of the workflow on specified systems, to

generate a probability distribution of experiment completion times.

The framework is easily scriptable, so large simulation experiments

and other tools can easily be built using it. We show one example -

initial
transfer

initial
transfer



the validation experiment in section[5] involved custom driver scripts
to generate predictions for a large set of experiments across several
systems.

Workflow Parameters
Job Processor Count
Job Count
Job Compute Time
Task Dependency Graph
Output Data Size

(a) Simulation Model Parameters

| System Parameters
Network Bandwidth
Queue Wait Time

Parameter Values Used

Job Processor Count 256, 512, 1024

Output Data Size 1GB

Job Count 2,4, 8

Inter-Job Dependency serial, none

Archive Intermediate Results | yes, no

Job Compute Time 12 hours

System BlueGene, Mercury,
Lonestar

(b) Parameters Used to Generate Synthetic Workflows

Figure 3: Description of Model Parameters used in this paper

4.1 Network Bandwidth Parameterization

Because high granularity grid applications are very sensitive to
network performance, monitoring and reporting network character-
istics and using them in grid scheduling has been an important area
of research.

We observe that for experiments in which network transfer time
is a bottleneck, bandwidth, not latency, is the most common limiting
factor. Although projects are increasingly using low-latency and
high bandwidth links for synchronized collaborative analysis of
large-scale datasets, as in [[14]], our experience shows that the most
common bottleneck for large experiments is block transfer of very
large files.

Although details of supercomputer center network connections
are often published, these are generally peak numbers, and so any
realistic parameterization requires some measurement. The Network
Weather Service (NWS) is a project to measure the performance
and availability of Grid computing systems [[36,|35]. NWS monitors
several aspects of computing systems, including uptime, CPU load,
bandwidth and latency. The NWS system uses this time-series
data as inputs to numerical models that generate predictions for
the behavior of the measured systems in the near term. Network
bandwidth is measured using raw TCP/IP transfers of 64 Kilobytes
each. The goals of the NWS system are to allow very-near-term
predictions to support immediate scheduling decisions, and as such
require very frequent measurement. With high frequency, it is
important not to impose a great deal of measurement overhead, and
this motivated the relatively small transfer sizes, along with methods
for forecasting larger transfers from small samples.

Because we do not share the goal of informing an immediate
scheduling decision, we do not require a high rate of measurement.
Therefore, we choose a more direct method of observing bandwidth
of large transfers. Because users are likely to use a file transfer
method designed for high performance, we directly observe the
performance of large transfers using such a method. The method we
observe is GridFTP, an extension to the FTP protocol with client and
server implementations tuned for high performance with large trans-
fers [[1,/12]). In particular it supports parallel transfers, using multiple

servers and adaptive TCP/IP window size and related parameters to
achieve high performance on long transfers.

For results presented in this paper, we parameterize the model
using measurements of large block transfers of 100MB and 1GB.
Effective bandwidth between systems was averaged over time with
a simple moving average.

4.2 Queue Wait Time Parameterization

In this section we describe some approaches for parameterization
based on analysis of batch queue logs. The evaluation of these
approaches is based on data from an experiment which ran over
the course of two weeks. Hundreds of jobs across five systems on
the NSF TeraGrid were submitted and observations of queue delays
were recorded for each system, broken down by job size and count.
This experiment is part of the evaluation experiment described in
section

An initial parameterization method targeted at relatively short
term predictions, such as predicting the wait time for a job to be
submitted in the next day, might simply use the average of the wait
times of jobs of the same size over a history window.

Early results using this approach resulted in unacceptable experi-
ment completion time prediction error. In order to understand that
error, we looked at the behavior of queue delay over time. Figure[4]
shows data gathered in the experiment from the SDSC BlueGene
system. The blue line shows queue delay in seconds for an individ-
ual job. The big peak in queue wait time from around 14 hours to
5 days is the result of a system downtime. Similar peaks can be
seen in the queue logs of each of the observed systems, and in each
case we tracked each peak to an individual event that caused the
queue to be put on hold for some amount of time - either a planned
high-priority run, or a system downtime.

It is clear that a parameterization should be chosen based on how
the simulation will be used. If the goal is to predict the completion
time of a short workflow for an immediate scheduling decision, a
parameterization based on current data that tracks changes quickly
is necessary. However, sometimes the goal of analysis is a more
general prediction independent of a particular time, for long-range
planning. In these cases, a parameterization that changes more
slowly and so will smooth out the spikes, is more useful.

With these observations in mind, we developed two different
parameterizations of queue wait time using log data. The first is
a long-run summary of at least a week of probe data. It is a 25%
trimmed mean, which results in a predictor that avoids tracking
spikes.

The second is a moving average which tracks change-points using
a method inspired by the data smoothing step described by Nurmi
et al. in [4] 23]]. The second, “tracking” parameterization uses an
unbounded window that resets the window whenever it encounters
three consecutive values outside the inner 80% of current values:
either three in a row less than the 10% quantile or three in a row
greater than the 90%. The window is reset to the three most recent
values. This yields a predictor that tracks large spikes, which is
useful for shorter workflows and predictions to be used immediately.

Figure [ includes data from of the two predictors in the case of
512-processor jobs on BlueGene. Again, the series in blue is the
actual wait times, the series in yellow is the long-run predictor, and
the series in red is the second, change-point tracking, predictor.

We show two parameterizations based on unaided automatic anal-
ysis of observed batch queue history that match historical data
relatively well. However, there are limitations to this history-based
approach, because job queues in practice experience bursts of load
that are potentially impossible to predict well from historical data.
This is particularly important when simulating the execution of a



Queue Wait Time Parameterization Comparison
SDSC Blue Gene, 512-Processor Jobs
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Figure 4: SDSC BlueGene Queue Delay and Two Parameterizations

workflow soon, but not immediately.

One possible approach to improving the accuracy of a queue
wait time parameterization would be to leverage existing work on
predicting job wait time using the contents of the existing queue, but
such simulators require detailed knowledge of each site’s scheduling
algorithm and policies [32, 9]

We have had experience with a few sites in the TeraGrid and at
other sites and it is our experience that scheduling policy and practice
can vary widely and rarely follows a straightforward algorithm. In
attempting to develop a practical tool, we take the approach that
observation is the most reasonable way to gather parameters for a
large number of sites, which is a goal of our framework. Attempting
to track the scheduling algorithms and policy tweaks with a detailed
simulation for more than a few sites would be prohibitive.

However, we do believe that a limited amount of interaction with
site queueing software and administrators would be worth pursuing.
In particular, advance notice of planned downtime and notification
of large reservations or large spikes in the number of submitted
jobs could improve the parameterization scheme for our simulation
model. Such spikes have two effects that could be tracked better,
even with very short advance notice - first the spike itself affects
the wait time of immediately executing jobs, but also the recovery
from a spike is usually an orderly draining of the queue. Knowing
that a given discontinuity in the observed wait time is an expected
spike would allow the parameterization to include that draining
period more accurately than it could if adjusting to it after the fact.
In section we discuss the improvements we expect in ranking
accuracy due to this kind of added information.

S. EVALUATION

We have evaluated the accuracy of the simulator built using our
toolkit by comparing predictions of smaller representative experi-
ments run on three production TeraGrid systems: the SDSC Blue-
Gene [29], NCSA Mercury [22], and TACC Lonestar system [21]].
We also evaluated the corresponding long-term data archive facili-
ties at each site, to highlight the point that transfer to archive storage
is on the critical path for true completion of computational science
experiments.

To evaluate the accuracy of our model, we compare predictions
to actual completion times and present the mean absolute error.
We also evaluate the model’s potential for guiding decisions by
calculating the probability of the simulation model producing a
correct ranking of the candidate system configurations in terms of
overall completion time for a set of experiments started at the same
time.

5.1 Simulation Model Error

Previous work highlighted some common patterns of large scale
scientific experiments [16} |3]]. Some experiments must be broken
into many sequential jobs, sometimes involving intermediate trans-
fers and analysis computation between tasks. Others consist of a
large number of independent tasks generated by a parameter sweep.
We generated synthetic workflows that are representative of these
patterns to evaluate our model. We used the INCA [31] monitor-
ing framework to execute and monitor the synthetic experiments.
A script generated a set of experiments every 12 hours. Each set
contains one experiment for each combination of the variables in
Table[3(b)] In order to gather enough data, we limited the size of
experiments to two jobs lasting 12 hours each, corresponding to the
smallest maximum job duration set by policy across all the sites.
A description in our simulator’s input language was automatically
written for each synthetic experiment. On each target system, a
script ran every half hour to process the experiments, executing
successive steps by submitting jobs or spawning file transfers if
the previous step has completed. Just as with the queue wait time
probes, an experiment’s queued jobs exit immediately, and the total
experiment completion time is padded by 12 hours per sequential
job, and by 12 hours total for any size set of independent jobs.

Figure 5] shows a timeline for the experiment. Each experiment
workflow is executed twice a day on a system, while queue wait
time probes on that system are submitted more frequently. The simu-
lations were performed after runs were finished and recorded. Each
experiment is simulated separately, using data from probes prior
to the experiment’s execution to parameterize the simulator. The
changepoint tracking moving average parameterization discussed
in section [f.2] was used. Repeated simulations were run and error
was calculated by the difference between the mean simulated du-
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Figure 5: Timeline of Accuracy Experiment

ration and the recorded actual duration. A total of 215 synthetic
experiments were successfully run over the course of two weeks on
the three systems. One hundred simulations were then run for each
experiment. Although the simulations were run after the fact, they
were parameterized using probe data gathered for up to two weeks
before the experiment began.

Figure [6] shows three tables of percentage mean absolute error
per generated experiment type, with separate tables for each exper-
iment type. For each workflow type we have calculated the mean
absolute error and show the error percentage compared to the mean
actual completion time. Average percentage error for the SDSC
Blue Gene is 38.5%, for NCSA Mercury, 16.3%, and for TACC
Lonestar, 42.8%. This level of accuracy represents a significant
improvement over the guesswork in common practice, but admit-
tedly does leave room for future improvement. We propose as an
initial improvement the additional information suggested at the end
of section[d.2] We discuss in section [5.3] the potential impact of
this information on the ranking results of this experiment, and it is
likely that the proposed changes would also improve the error of
individual near-term predictions.

5.2 Evaluating Probability of a Correct Sys-
tem Ranking

Although absolute error is important, we believe that a more
useful measure of the utility of a simulation model is how often
using the model can lead to a good decision. In our context, this
means how often the model would correctly rank the systems by
experiment completion time when simulating the same workflow at
the same time on all three systems.

We have designed an experiment to evaluate our model in this
manner. In order to faithfully simulate this decision, and avoid
confounding effects due to resource variations over time, we use
only records of workflow executions that were submitted to all three
machines at the same time and completed successfully. Of the 215
executions that were completed and used to evaluate prediction
error, there were only seven sets of workflow executions that were
the same type, were launched on all three systems concurrently
and completed successfully. Each of these 21 workflow executions
transferred 1GB of data and consisted of two jobs. All three of the
workflow patterns were represented at least once, and all job sizes
except 1024 processors were represented. Additionally, 22 other sets
of workflow executions that were submitted to two of the systems
(NCSA Mercury and SDSC BlueGene) completed successfully. For
these 22 sets, the trial was posed as correctly ranking the two systems
with recorded completion times.

Our experiment involved 100 trials simulating the sets of work-
flow executions. A trial involved simulating each of the three work-
flows in a set once, using probe data from before the set’s execution
time. The trial was marked as a “success” if the simulations cor-
rectly identified the fastest system, as determined by the recorded

actual completion times. The proportion of successes to the total
number of trials is taken as the probability that the model will choose
correctly. A trial overall is considered a success if the probability
that the model will choose correctly is high - in practice the model
either correctly ranked the systems 100% or 99% of the time or 0%.

The top row of table[8] marked “Unaided” shows the results of
this experiment broken down by workflow type. Overall, 17 of
the 29 total trials were successful, for a success rate of about 59%.
It is difficult to draw conclusions about ranking different types of
workflows from this relatively small sample, because some workflow
types were only represented once. However, some analysis of the
queue wait times of jobs used for prediction history does yield
insight into the sources of ranking error. The following section
discusses each ranking failure in detail and gives an evaluation of
the potential impact of the additional information described at the
end of section

5.3 Evaluating Potential Impact of Additional
Information

Figure[7]shows time-series data for queue wait time on each of
the three machines in our experiment. Data from both probe jobs
and jobs that are part of experiment workflows are included, so this
data represents jobs submitted more frequently than every 12 hours,
but this does not represent the state of the entire job queue of each
machine. The x-axis is the time the job was submitted, and the
y-axis is the job’s queue wait time in hours. Solid lines represent the
measured queue wait time, and dotted lines represent the value of
the tracking parameterization at that time. Predictions of workflows
that start at a given time will use the value of the parameterization at
that time to predict the wait time of every job in the workflow. Points
in time where at least one set of workflows were ranked incorrectly
by our model are marked by a vertical dashed red line.

In order to evaluate the potential improvement that additional
information about spikes as discussed at the end of of section [4.2]
would have, we investigate each set of ranking failures in detail. As
before, we include all cases where at least two workflows completed
and were ranked. In some cases, we find evidence that a simulation
using a parameterization with advance notice of predictable spikes
could have made a better ranking than our unaided parameterization.

There are four distinct timestamps where workflows are ranked
incorrectly, and we examine each in detail in the following. The
graph does not show how many or what type workflows failed at
those times, but we include that information below where relevant.

Looking at the top graph in figure[7] we see that at 01/17 12:00,
our model ranks three sets of 256-processor workflows incorrectly.
The parameterization at this point has BlueGene with a higher wait
time than Mercury, but there is significant variability, and Mercury
has higher wait times for much of the next 6 hours. Because this is
not due to a predictable spike, we must count this as an incorrect
ranking.

Looking at the bottom graph in figure /] at 01/17 14:12, our
model ranks two sets of 512-processor workflows incorrectly. The
parameterization here again has BlueGene with a higher wait time
than Mercury, but the variability is significant for the next few hours.
While a better-informed tracker might be able to correctly predict
the queue draining from the preceding spikes, it is not clear whether
it would result in a correct ranking, so we still count it as an incorrect
ranking.

Both graphs in figure[7 have failed rankings at 01/18 02:12. Look-
ing at the top graph, a set of 256-processor workflows with inde-
pendent (concurrently submitted) jobs are ranked incorrectly at this
point because the parameterization has Mercury with much lower
wait times than BlueGene, but Mercury is about an hour away from



Percentage Mean Absolute Error for Workflows with Dependent Jobs

256 x 2 512 x 2 256 x 8 512 x 4 1024 x 2
© SDSC BlueGene | 28.19(7) | 50.29 (7) | 26.55 (11) | 30.72 (11) | 36.65 (13)
© NCSA Mercury | 9.75(7) | 21.07 (7) | 8.25(10) | 23.49 (10) -
& TACC Lonestar | 62.19 (2) - 30.16 (1) | 53.54 (1) -
Percentage Mean Absolute Error for Workflows
with Dependent Jobs and Intermediate Transfers
© 256 x 2 512 x 2 256 x 8 512 x 4 1024 x 2
? SDSC BlueGene | 35.43(7) | 49.17(7) | 20.31(9) | 38.16(9) | 39.75(13)
o NCSA Mercury | 7.43(7) | 22.67(7) | 7.34(9) 17.61 (10) -
é TACC Lonestar | 27.82 (1) | 33.01(2) - - -
Percentage Mean Absolute Error for Workflows with Independent Jobs
(s 256 x 2 512 x 2 256 x 8 512 x 4 1024 x 2
® ® SDSC BlueGene | 47.22 (10) | 51.01 (9) - - 59.90 (7)
i NCSA Mercury | 13.01(7) | 21.77 (7) - - -
@ ‘ TACC Lonestar - 38.45 (1) - - -

Column labels represent Processor Count x Jobs in Workflow
Values in parentheses are number of workflows predicted for the presented data.

Figure 6: Mean Absolute Error

a downtime spike. Assuming that this spike was foreseeable within
an hour, it is possible that a parameterization with that advance
knowledge would have supported a correct ranking in this case.

Looking at the bottom graph for the same time, three sets of 512-
processor workflows are also ranked incorrectly. This is due to a
spike in wait time for jobs on BlueGene to about 10 hours, occurring
about 10 hours earlier, while for several hours after the incorrect
ranking, BlueGene has a wait time close to zero. If this spike was
noted and a parameterization that models queue draining correctly
was used, the ranking could have been correct for all three of these
cases.

Finally, both graphs also have failed rankings at 01/18 08:12. At
this point, both a 256-processor and a 512-processor set of work-
flows with independent jobs are ranked incorrectly. The wait time
for BlueGene will spike about an hour after this time, but the un-
aided parameterization has BlueGene near zero while Mercury is
higher, after recovering from two separate spikes at 256 and 512
processors. A parameterization with advance notice of the upcoming
spike in BlueGene’s wait time should be able to correctly rank these
two cases.

Starting from the initial ranking success rate of 17/29 or 59%,
if we simply discard the six failures which we claim would be
improved by a parameterization with advance knowledge of spikes,
we get a success rate of 17/23, or 74%. If we assume that an
improved simulation would get all six of those failures right we get
a success rate of 23/29 = 79%. The bottom two rows of the tables
in figure 8] marked “Advance Notice A” and “Advance Notice B”
show breakdowns of the results if the affected ranking failures are
removed or marked as successes, respectively. We are currently
working to verify these estimates in simulation using an improved
parameterization.

We conclude from this that it appears there is some promise in us-
ing simulation to rank systems by likely workflow completion time,

but that integration with system schedulers and advance knowledge
of reservations, large queued jobs, and system maintenance plans
could significantly improve the accuracy of such a system.

6. RELATED WORK

Scientific workflow management is an active area of related work.
In particular, many workflow languages and scheduling and execu-
tion systems have been developed for use on computational grid
resources. In the context of these systems, workflows are com-
posed of large numbers of loosely coupled large and small tasks,
from querying remote databases to serial and parallel computational
tasks.

There are many systems that could be described as workflow
execution systems, some more focused on science than others. A
starting point for publications about these systems is available in [[34}
6]. Most systems either use a language or GUI to define the work-
flow directly, or define the workflow as the tasks generated while
executing a script. A common goal of the systems intended for
computational science is to insulate the scientist from details of data
location and resource scheduling, whereas our goal is to allow inter-
ested scientists to explore the relationship between those variables
and time to solution. Our simulator’s workflow description is not a
workflow execution language. We expect that a scientist who has
a workflow expressed in such a language would want to translate
from that language in order to use our simulator alongside the main
workflow management system.

SimGrid is a large and feature-rich framework for writing simula-
tions of grid applications to evaluate distributed algorithms for use
on clusters, grids, and in Peer-to-Peer networks [5]. It is intended to
support repeatable evaluation of applications, scheduling algorithms
and heuristics. SimBatch provides batch queue delay prediction
to simulations written using SimGrid [[10]. The SimGrid project
includes GRAS, an API to write grid applications which can then
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Figure 7: A Subset of the Experiment with Queue Wait Times as Solid Lines, Tracking Average Values as Dotted Lines, and Ranking
Failures Marked by Vertical Red Dashed Lines



Number of Correct Ranking Trials for Workflow Sets with All Three Systems Represented

256 x 2 256 x 2 256 x 2 512 x 2 512 x 2
dependent jobs | dependent jobs | independent jobs | independent jobs | dependent jobs
with transfers with transfers
Unaided 1/2 1/1 0/1 1/1 1/2
Advance Notice A 1/2 1/1 0/1 1/1 1/1
Advance Notice B 1/2 1/1 0/1 1/1 2/2

Number of Correct Ranking Trials for Workflow Sets with Only Two Systems Represented

256 x 2 256 x 2 256 x 2 512 x 2 512 x 2 512 x 2
dependent jobs | dependent jobs | independent jobs | independent jobs | dependent jobs | dependent jobs
with transfers with transfers
Unaided 1/2 2/3 4/6 3/5 1/2 2/4
Advance Notice A 1/2 2/3 4/4 3/3 1/2 2/3
Advance Notice B 1/2 2/3 6/6 5/5 1/2 3/4

Figure 8: Fraction of Successful Ranking Trials, Including Estimates of Successful Rankings due to Advance Notice of Spikes

be either simulated or executed directly with no changes to their
code [27]]. SimGrid is a collection of libraries with C and Java
interfaces, so simulations are themselves significant programs, and
thus may not be appropriate for scientists looking for an easy way
to evaluate resource choices.

Statistical models of job run times have been used to predict
the queue wait time of individual jobs based on the characteristics
of other jobs in the queue [32} 9]. More recently, Brevik et al.
discuss a technique for predicting bounds on queuing delay for
single jobs submitted to shared systems, using statistical analysis
of past jobs [4]. Nurmi et al. expand on the historical analysis
approach in another paper, using predictions to improve automatic
scheduling of entire workflows on a grid [24]]. In contrast, our
approach focuses on planning, which allows users to explore both
present and hypothetical options.

7. CONCLUSIONS AND FUTURE WORK

We have presented a simulation toolkit and one example model
of scientific experiments using a minimal description of workflow
and system information. We have evaluated the model against exe-
cutions of synthetic workflows on real systems and show that with
advance notice of predictable events that cause large spikes in queue
wait time, the model can choose the system which will complete a
workflow soonest. Although our results show that this technique has
promise, the absolute prediction error leaves room for improvement,
and we will investigate techniques to increase accuracy. We suggest
that integration with schedulers and advance knowledge of system
maintenance schedules may be important for accurate and reliable
simulation modeling of near-term workflow executions, and show
the impact of such integration in our simulations, increasing the
success rate of ranking systems from 59% to as high as 79%. We be-
lieve that simulation is already a useful tool for long-term planning
of workflow executions, because its ability to quantify the impact of
workflow and system changes is an improvement on current practice,
even given the prediction error we experience in our testing.

Because our work currently assumes that users can predict their
job run time, we will also explore modeling compute task duration in
more detail, using existing work on performance models to generate
a scaling factor for compute time on different machines. The impact
of increasingly frequent system failure is difficult for an individual
user to deal with. System software and programming models need

to be reworked to support graceful adaption to failure. These will
likely require code changes, and so estimates of the time lost to
failure for an experiment can be useful to help decide when such
changes are necessary. We will extend our prediction technique to
include models of system failure to support planning such changes.
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