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Abstract

The CORIE forecast factory consists of a set of data
product generation runs that are executed daily on dedi-
cated local resources. The goal is to maximize productivity
and resource utilization while still ensuring timely comple-
tion of all forecasts. Many existing workflow management
systems address low-level workflow specification and exe-
cution challenges, but do not directly address the high-level
challenges posed by large-scale data product factories. In
this paper we discuss several specific challenges to man-
aging the CORIE forecast factory including planning and
scheduling, improving data flow, and analyzing log data,
and point out their analogs in the “physical” manufactur-
ing world. We present solutions we have implemented to
address these challenges, and present experimental results
that show the benefits of these solutions.

1 Introduction

Scientific workflows have become an increasingly im-
portant part of research in domains as diverse as biology,
astronomy, physics, and environmental modeling. Charac-
teristics and requirements of workflow systems in these do-
mains can vary widely. Some workflow management sys-
tems emphasize ease of specification and use or interactive
processing, and timely workflow completion is desirable but
not critical. Other workflow management systems repeat-
edly perform the same large-scale computations subject to
time constraints. We refer to the latter as a data product
factory setting, and we focus on planning and production
management for daily execution of thousands of workflow
instances for numerical simulations and derived products.

The CORIE environmental observation and forecasting
system models the physical properties of multiple rivers and
associated bodies of water throughout the coastal United
States. An important component of the CORIE system is
what we term “the forecast factory”, which runs daily fore-

casts to predict near-term conditions of these bodies of wa-
ter, including temperature, salinity, and velocity. Each par-
ticular forecast simulates a two-day period, and involves
tasks to generate tens to hundreds of instances of dozens of
types of derived data products. While one might conceive
of the aggregate collection of tools associated with one fore-
cast as a single, massive workflow, we tend to think of each
data product being generated by a separate workflow in-
stance. In the sequel, we will refer to the simulation exe-
cution and associated product workflows as a “product run”
or simply a “run”. Keeping all runs executing smoothly is
critical to ensure that all needed data products are delivered
on time. While there is a large body of research in scientific
workflows that addresses challenges to specifying and exe-
cuting individual workflows, managing the entire collection
of runs in the forecast factory presents new challenges.

To provide insight into the class of management activi-
ties we address, we provide a brief overview of Manufactur-
ing Resource Planning (MRP) in real-world factories, and
discuss analogies to the forecast factory. Figure 1 illustrates
the hierarchy of activities involved with MRP, adapted from
an industrial engineering textbook [9]. The graph distin-
guishes between long-range, intermediate-range, and short-
range planning activites, which we describe below.

Long-range planning (Figure 1(a)) operates at the level
of product families and seeks to answer two questions:
“Which products are customers interested in?” and “Which
products are we capable of making?”. Each geographical
region forecasted by the CORIE factory is analogous to a
product family. Each forecast manufactures thousands of
individual products; the termAggregate planningrefers to
this level of abstraction. Adding new forecasts to the pro-
duction schedule must consider long-term allocation of staff
and compute resource planning. We expect that our tech-
niques will come to steer long-range planning activities,
though our current focus is on intermediate-range planning.

Intermediate-range planning (Figure 1(b)) corresponds
to implementation of the long-range strategy. Tasks at this
level include capacity planning and production scheduling
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Figure 1. Manufacturing Resource Planning
(MRP) Hierarchy

(described below), as well as tasks related to design and
layout of the factory.Rough-cut capacity planning(RCCP)
determines the feasibility of the long-term aggregate plan
by considering demand and capacity estimates by period.
A master production scheduleis derived from the aggre-
gate planning and the RCCP. The corresponding activity in
the CORIE forecast factory is to estimate the running time
(makespan) of all forecasts for a day and compare it to avail-
able computing capacity, to ensure the collective resource
requirements do not exceed the total capacity. Using past
statistics for similar tasks, the forecast factory derives abill
of resources: an estimate of the time required for each step
to complete. In addition to the bill of resources, a traditional
bill of materials(BOM) is considered during capacity plan-
ning. The BOM is a tree of subassemblies used to build
an end item. Specification and maintenance of the BOM is
the responsibility of workflow specification tools in our sci-
entific workflow analog. Individual workflow specification
is an important problem and the subject of many research
efforts [1, 12], but is not our focus.

Finally, short-term control (Figure 1(c)) includes job
scheduling tasks at the level of individual workflows. Many
existing workflow execution systems [5, 7, 15] provide this
functionality. Most scientific workflow management sys-
tems we have encountered tend to involve specification and
scheduling of individual workflows, both of which we con-
sider part of short-term control rather than intermediate-
range or long-range planning. Instead, our research ad-
dresses management of large-volume, long running produc-
tion campaigns, with guidance from our factory metaphor.

There is a large body of research in resource manage-

ment and workflow scheduling in cluster and Grid environ-
ments. These efforts are largely complementary to ours.
First, Grid and cluster management of scientific workflows
is typically decentralized, and resources are shared by a di-
verse group of users and workflows with varying resource
and QoS requirements. Distributed management contrasts
with the centralized management and planning in a factory.
Second, Grid and cluster computing solutions typically al-
low users to specify resource requirements for a job, and
a scheduler locates and secures the needed resources and
schedules the job for execution. In a data product factory,
however, the available resources are known ahead of time,
and the set of product runs must be tailored to complete on
these resources within the allotted time frame.

We discuss several specific intermediate-range planning
challenges analogous to factory management that we ad-
dress in our forecast factory:

Plant Layout. A fundamental task in Facilities Planning
is to find a layout of work cells such that two compet-
ing goals are balanced: reduce or eliminate unnecessary
movement of material but maintain utilization when mate-
rial must be moved from an overloaded work cell to an idle
one. Similarly, we wish to minimize unnecessary data trans-
fer in the forecast factory while maintaining high machine
utilization. For example, in some cases we want to exe-
cute a series of tasks that access the same data on the same
node, to minimize the cost of copying large files across the
network. However, in other cases we find that a pipelined
execution model that moves data from a primary node to a
secondary node can avoid a bottleneck on the primary node.

Capacity Planning and Scheduling. In Figure 1, jobs
produced by the Material Requirements Planning process
are subject tocapacity requirements planning(CRP). CRP
is a more detailed process than the optimistic RCCP. It
schedules products to individual workcells, taking into ac-
count factors such as materials arrival and work in progress
(WIP), and predicting job completion times. The corre-
sponding activity in the forecast factory is assigning runs
to particular compute nodes, taking into account availabil-
ity of inputs such as atmospheric predictions and runs still
executing from the previous day (WIP), while meeting de-
sired finish times.

Statistical Process Control. Plant Managers use statis-
tical process control to reduce uncertainty on the factory
floor. For example, process time variability, regardless of
source, results in increased work-in-progress. An analog
in the forecast factory is that changes to forecast code ver-
sions, nodes, and parameters may change forecast running
times and make the existing node assignments suboptimal.
To prevent problems before they start, historical data can
be used as a baseline to help determine possible effects of
changes. In the forecast factory, we harvest a variety of
measurements from log files and use the data to model run



times. A graphical display of these data aids interpretation.

While the factory metaphor for forecast generation helps
elucidate many of the management activities involved, it
does not capture all the nuances. In particular, the “goods”
being manufactured in the forecast factory are “perishable”
or “time-sensitive” in the sense that they are much less valu-
able if they arrive after the time period they forecast (though
there are still some uses for them). This aspect of forecast
generation is perhaps better understood by comparison to
a newspaper producing various regional editions. There is
a tension between including the latest information – elec-
tion results, financial prices, sports scores – and getting an
edition out before forward-looking information gets stale:
movie listings, TV schedules, sales ads. In the forecast do-
main, there is a tension between getting the latest inputs to
the process – river flows, atmospheric forcings – and having
the forecast available before the time period it predicts.

Further, given a certain level of staffing and a given print-
ing capacity, there are limits on how many distinct editions
a newspaper can produce. Having idle capacity at mid-
morning doesn’t mean the newspaper can necessarily add
another edition and have it be timely for the current day.
In the forecast domain, forecasts and their derivative prod-
ucts generally need to be available for the current day when
people local to the forecast region need them, which can be
quite early in the morning for, say, a fishing-boat captain.

There is one final aspect of forecast production that
the newspaper parallel (at least for conventional hard-copy
newspapers) doesn’t really reflect: It can be useful to deliver
forecasts and their derived products incrementally. Even
though a forecast for the current day might not finish until,
say, 10am in the morning, the portion of the forecast com-
pleted by 7am might cover the time period up until noon.
Thus, forecast users are interested in the completed part of
the forecast for current and near-term conditions. Hence,
it is normal to move forecasts and products incrementally
from the compute nodes to the servers where they are pub-
lically available. It would be as if your newspaper was de-
livered a couple of pages or sections at a time – first interna-
tional news and yesterday’s stock quotes, then the national
news, then local news and late sports scores, and so forth.

In this paper we present high-level factory solutions we
have developed to manage the CORIE forecast factory. We
believe many of our resource management, scheduling, and
data flow solutions will be applicable to other data product
factories. Our solutions are independent of any particular
implementation, and can be used in conjunction with exist-
ing scientific workflow tools.

This paper is organized as follows: Section 2 gives an
overview of the CORIE system with an emphasis on the
CORIE forecast factory and the unique challenges it poses.
We survey related work in Section 3, and present the solu-

tions we have implemented to address the challenges of the
forecast factory in Section 4. We conclude in Section 5.

2 CORIE Overview

CORIE [2] is an environmental observation and fore-
casting system that models many coastal regions through-
out the United States. The system includes daily forecasts
to predict near term conditions as well as calibration runs
and hindcasts that are run retroactively for a fixed period of
time. Eventually the system will include all rivers on the
west, east and gulf coasts of the U.S., which will comprise
about 50-100 forecasts. We focus on forecasts due to the
challenges they pose to factory management.

Forecast simulations model regions for a fixed time pe-
riod, typically two days, and models conditions at specific
timesteps, e.g., once every 30 seconds. Shorter timesteps
provide more detailed information but increase the total
number of steps that must be run, thus increasing the run-
ning time of the forecast. Ameshdefines the points in the
region to be modeled, and can be specified at any granu-
larity. Finer-grained meshes provide a more detailed model
but may increase the forecast running time. Forecast runs
also incorporate some real-time observation data, thus their
starting times may be constrained.

sectionsanimations cross

isolines

coastal plume estuary

transects

plume estuary

plots

Figure 2. Partial classification of data prod-
ucts in the CORIE forecast factory

Simulation runs for different regions range in running
time from just a few hours to over a day. These runs pro-
duce multiple large output files that contain data on vari-
ous features, such as salinity, temperature, and velocity. As
the simulation run progresses, data is appended to output
files. Data products are generated incrementally from one
or more of these files. Figure 2 presents a classification of
some of the data products in a forecast run. There are many
specific products in each class, such as for varying water
depths and variables, and a different set of products from
one or more of these classes is generated for each forecast.



2.1 Challenges

Several characteristics of the CORIE forecast workflow
management system present unique challenges. First, the
number of runs and data products are limited currently by
the available resources. When additional resources become
available, additional forecasts can be run. Alternatively, ex-
isting forecasts can be run at a finer timestep granularity or
on a finer mesh, or additional data products can be added
to a product run. Similarly, if existing resources are insuf-
ficient to complete all forecasts in a timely manner, some
forecasts may need to be run at a coarser timestep granular-
ity or the number of derived data products may be reduced.

Another important characteristic is that timely comple-
tion of workflows is critical. Since these workflows are
forecasts, they have the most value when they complete well
before the time period they are forecasting, and the value of
their data products declines rapidly as the time of the fore-
cast period approaches. In addition, compute node assign-
ment and scheduling decisions must consider the effect of
the decision on all forecast runs, since early completion of
one run may delay the completion of another. This central-
ized management approach differs from many distributed
systems that execute jobs from multiple users who are com-
peting for available resources.

Finally, the set of forecast runs is dynamic in nature.
Forecasts are continually being added and modified. Sev-
eral simulation models are in current use, and developers are
continually refining the model and deploying new code ver-
sions. Changes to timestep granularity, meshes, code ver-
sions, and data products can all affect a forecast’s running
time. Changes to a forecast may require it to be reassigned
to a different node to ensure its timely completion as well as
those of other forecasts. In addition, if a node becomes tem-
porarily unavailable, forecasts scheduled to run on it must
be reassigned and executed as early as possible. To acco-
modate the displaced forecasts, other runs may need to be
reassigned as well.

2.2 Existing Implementation

Currently the forecast factory is managed manually by a
team of programmers and computational scientists. Fore-
casts are allocated to specific nodes using scripts that stage
in all needed input files, launch the workflow, and stage out
data products to a shared repository. When a forecast is
added, programmers may manually shift existing forecasts
to different nodes to optimize forecast overall completion
time. Due to the difficulty of estimating forecast running
times at different nodes, this process may be repeated for
several days until a good mapping is found. Currently there
are 6 dedicated forecast nodes, each with two CPUs, and 10
forecast runs, and new nodes will be added as the number

of forecasts grows to the expected 50-100 per day.
Currently the simulation model and data product gen-

eration for a single forecast run concurrently at the same
node. Data products are incrementally computed as ad-
ditional model data is appended to output files, so initial
data products are available before an entire run has com-
pleted. While this architecture minimizes data movement,
data product generation consumes CPU cycles and mem-
ory and may interfere with model execution, thus delaying
forecast completion times. Thus, alternate data flow archi-
tectures may better leverage available resources and reduce
the completion time of runs. We note that in the current
factory implementation, there is generally little benefit to
generating data products for a single forecast concurrently
at multiple nodes, due to high data transfer overhead and
limited node availability. In the future, however, parallel
code versions or increased node capacity may make parti-
tioning different data products across multiple nodes a more
attractive option, so we plan to revisit this issue.

As noted above, code versions of the simulation mod-
els, timestep granularities, and meshes are continually being
modified. Data from past forecast executions can aid pro-
grammers in estimating the effects of such changes on fore-
cast execution times and improve the ability of program-
mers to determine a good mapping of forecasts to nodes.
However, most of this historical data is currently stored in
log files. Storing data in files makes it difficult to extract the
relevant information or observe long-term trends.

Based on the above challenges, we had several specific
goals to improve management of the forecast factory:

• Managing Node Assignments:Managing node as-
signments is important for capacity planning and
scheduling. An interface to help users assign forecast
runs to nodes can improve the ease of adding new fore-
casts to the system. In addition, heuristics to automate
assignments of runs to nodes can improve fault toler-
ance.

• Improving Data Flow: Developing architectures that
can generate data products quickly and better utilize
available memory and CPU cycles can significantly
improve the efficiency of the forecast factory. Also,
incremental delivery of data products can make initial
results available sooner, even if the entire workflow has
not yet completed.

• Leveraging Historical Data: Analyzing log data of
past forecast runs can provide important insights into
how changes to forecasts, e.g., code versions, node as-
signments, timestep granularities, will affect forecast
running times. Thus, one of our goals is to develop an
interface to allow users to efficiently analyze this data.



We emphasize that while this paper refers to CORIE
forecast runs at a high level of abstraction, i.e., a simula-
tion run followed by data product generation, the underly-
ing data product specification and generation process has
a high degree of complexity. A different set of data prod-
ucts is generated for each forecast, and specification of these
products is currently done manually. Further, data products
are typically computed incrementally as simulation output
is generated, so generating a single product requires a large
number of invocations of a single program. In addition,
many data products operate on multiple simulation out-
puts simultaneously, and there may be dependencies among
data products. Many existing workflow specification tools
[1, 12] may be useful to specify the computation of these
data products, and indeed we expect that such tools could
play an important role in automating data product genera-
tion. However, these lower-level functions are not the focus
of this paper.

3 Related Work

Much of the existing research in scientific workflow ex-
ecution in clusters and Grids focuses on fair sharing of re-
sources among competing users or task scheduling at the
level of individual workflows. However, there has been little
research in coordinating a set of workflows. Yu and Buyya
[17] present a taxonomy of scientific workflow systems on
the Grid and classify many existing systems. They classify
workflow management systems along several dimensions
including centralized vs. decentralized scheduling architec-
ture, global vs. local decision making, and performance-
driven vs. market driven strategies. While our forecast
factory can be classified broadly as centralized scheduling,
global decision making, and performance-driven strategy, it
differs from other systems in these categories [5, 7] in that
it considers these challenges at the level of multiple runs.

Pegasus [7] maps complex workflows onto a Grid while
adapting to changes in resource availability. GrADS [5]
aims to minimize the completion time of a set of work-
flow tasks, and can reschedule workflow tasks as needed.
Nimrod-G [3] is a market-driven solution to scheduling sci-
entific workflow tasks. Workflow completion times are de-
termined by how much a user is willing to pay, and users
can pay more to guarantee completion by a deadline. While
this system (and other market-driven systems) shares our
goal of completing workflows by user-specified deadlines,
it is designed for sharing resources among competing users
rather than centralized workflow management.

Many cluster computing tools, e.g., Torque/Maui [15]
provide facilities for advance reservations to secure com-
pute resources for a workflow prior to execution. Condor
[10] aims to exploit idle workstations and is well-suited
for long-running on-demand background tasks. While such

tools are useful to ensure resource availability and fair al-
location of shared resources, they do not ensure completion
of workflows prior to a deadline, and do not determine what
data products can be generated using available resources.

Chimera [8] introduces the concept ofvirtual data,
which allows data products to be defined before they are ac-
tually needed, and materialized on demand. While Chimera
also supports batch workflow execution, it relies on under-
lying Grid mechanisms to reserve resources and manage ex-
ecution. Workflow management in GriPhyN [6] addresses
many of the same challenges we do, including resource
management, data staging, and planning, but is geared to-
wards globally distributed users.

Many tools, including Kepler [1] and Taverna [12], focus
on the specification of scientific workflows. In contrast, in
this paper we focus on managing the execution of multiple
workflows. GridDB [11] provides facilities for workflow
specification and processing but does not explicitly assign
workflow tasks to nodes, instead relying on existing mid-
dleware [10].

The Sloan Digital Sky Survey [14] is a factory that pro-
cesses large volumes of astronomical data. While not ex-
plicitly deadline constrained, efficient pipelining of data is
important and the system aims to leverage all available re-
sources to generate the needed data products.

Many tools, including GrADS [5] and ASKALON [16],
incorporate data location and data transfer overhead into
workflow scheduling decisions. These tools share our goal
of improving data flow in scientific workflow execution.
However, they may not explicitly consider alternative ar-
chitectures as we do in Section 4.2.

Shankar et al. [13] advocate augmenting databases to
manage scientific workflows. The authors suggest that
database technology could improve workflow planning,
scheduling, and cluster management. However, incorporat-
ing database functionality into legacy workflow code may
have high overhead. As in our work, the authors suggest
that querying data from log files such as the status of ma-
chines and jobs in a cluster could improve workflow mon-
itoring and execution. We extend this idea in Section 4.3.2
and use data from past runs to manage a set of workflows.

4 Solutions

We now present several solutions we have implemented
to address challenges posed by the forecast factory.

4.1 Node Assignments

The first challenge we consider is how to allocate runs
to nodes. Currently programmers manually decide which
forecasts should run at each compute node. Each program-
mer typically has exclusive use of a subset of the nodes to



simplify workflow management, but nodes may be shared
manually as needed. For example, a programmer in need of
extra CPU cycles (e.g., to run a special forecast or because
another node is down) who observes an idle node may email
other programmers and ask permission to temporarily bor-
row the node. In the existing system there is no easy way to
see the “big picture” of where and when workflows are run-
ning and which nodes are idle, and no easy way to estimate
the likely effects of moving a workflow to a different node.
Seeing the big picture is also useful to evaluate hypothetical
scenarios, e.g., anticipating hardware needs as the number
of forecasts grows.

Figure 3. ForeMan: forecast management in-
terface

Interface Figure 3 shows part of ForeMan, a tool we have
implemented to manage allocation of forecast workflows to
nodes. Note that this figure only displays a subset of all
runs, due to space limitations. The interface displays both
currently executing forecasts and those scheduled to run in
the near future, and thus provides a centralized view of the
current state of the factory. We describe some of its impor-
tant features below.

The top half the figure monitors forecast execution. Each
rectangle represents a forecast run. In this example, all
nodes have two CPUs. Narrow solid-colored rectangles de-
note time periods where only a single forecast is running
and a single CPU is in use, and wide multi-colored rectan-
gles denote periods where both CPUs are being used con-
currently by two or more forecast runs.

The black line shows the current time. All rectangles
below the line are shaded out to denote forecasts that have
fully or partially completed. Rectangles completely above
the line (i.e., forecasts that have not yet launched) may be
moved to other nodes or their starting times may be ad-
justed. The tool will automatically recompute the expected
completion times of all affected workflows. Once an accept-
able assignment of workflows to nodes is found, the user
can click an “accept” button and the back end will automat-
ically generate the needed scripts and commands. The back
end can be tailored to any underlying scheduler or resource
manager.

Implementation ForeMan uses a database of statistics
(described in Section 4.3.2) gathered from prior forecast
runs to estimate forecast running times and approximate an
optimal assignment of forecasts to nodes. By default, each
forecast is assigned to the node where it ran on the previous
day. However, due to frequent changes in code versions,
mesh versions, timestep granularities, and node availability,
the previous day’s configuration may be suboptimal. Users
can easily move workflows to different nodes using Fore-
Man, without making any changes to the underlying scripts
that control forecast execution and data staging.

Currently ForeMan estimates the forecast running time
by using data from past forecast runs. Users may manually
adjust this estimate using workflow-specific knowledge, as
described in Section 4.3.2. If a forecast is moved to a faster
or slower node, ForeMan will scale the expected running
time of the forecast by the relative node speed. In addition,
we assume that a forecast consumes no more than one CPU
at a time, i.e., serial execution1. If the number of forecasts
scheduled to run concurrently at a node is greater than the
number of CPUs, we assume the available CPU cycles are
divided evenly among the runs. For example, if three fore-
casts run concurrently on a node with two CPUs, ForeMan
will compute the expected completion time of each assum-
ing each forecast gets 2/3 of the available CPU cycles. We
have validated this assumption empirically using data from
past forecast runs, for a relatively small number of forecasts.
We are planning to incorporate more sophisticated perfor-
mance modeling techniques as part of our ongoing work.

We note that many existing cluster scheduling tools
may not explicitly provide the above functionality, instead
assuming that required resources (e.g., CPUs) cannot be
shared with other users or tasks. However, in a factory set-
ting, it is sometimes desirable to have multiple runs share
CPUs, even though it will extend their individual comple-
tion times. For example, scientists may want early initial
data products from multiple forecasts rather than restrict a
CPU to a single run at a time.

1If parallel forecasts are deployed in the future, we will extend Fore-
Man to support “mega-jobs” spanning multiple CPUs.



ForeMan can approximate an optimal assignment of
workflows to available nodes, using bin-packing heuristics
[4] and periodic scheduling techniques. Users can manually
adjust these assignments as needed. ForeMan also allows
users to prioritize forecasts, and may automatically delay or
drop lower priority forecasts if needed (e.g., if data arrival
is delayed or a node fails). A challenge in this setting is
determining which forecasts to reschedule when reassign-
ing forecasts. For example, when a new forecast or node is
permanently added to the factory, rescheduling all forecasts
may be beneficial, but when a node temporarily fails users
may wish to reschedule only a subset of forecasts. Refin-
ing our scheduling algorithms and policies to handle these
complexities is an area of ongoing work.

4.2 Data Flow

Another challenge in managing the forecast factory is de-
termining architectures for data generation and movement.
Currently the factory executes all tasks in a single forecast
run at a single node. As model outputs and data products
are generated at the compute node, they are periodically
copied to a central server where they are made available
to data product users. We present this architecture in Figure
4. In this architecture a simulation incrementally generates
model output files, and a scriptmaster process.pl
launches tasks that incrementally compute data products
from the model outputs. Finally, another script runsrsync
in the background to incrementally copy completed portions
of model outputs and data products to the server.

compute node

Simulation

master
process

rsync

model 
outputs

data
products

model outputs and
data products

public server

Figure 4. Architecture 1: Generating model
outputs and data products at client

While straightforward to implement and launch, this ar-
chitecture has several limitations. First, the simulation and
data product generation tasks both consume considerable
amounts of memory and CPU cycles, so running them con-
currently may increase the running times of both. Also, both
model outputs and data products must be copied to a remote
server after they are generated, which consumes bandwidth.

Since the CPU at the public server is lightly used, we
considered an alternate architecture, shown in Figure 5. In
this architecture, the simulation model runs at a compute
node along with anrsync script that incrementally copies
model outputs to the server. Themaster process script
launches tasks to generate data products at the server. This
architecture reduces bandwidth consumption because data
products do not need to be moved to the server. It also ex-
ploits available server CPU cycles.

compute node

rsync

master
process

products
data

model 
outputs

Simulation

outputs
model 

public server

Figure 5. Architecture 2: Generating data
products at a server
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Figure 6. Time until all data appears at server
for Architecture 1

We evaluated the performance of both architectures on
one of the existing forecasts using two compute nodes con-
nected by a local area network. The “server” node ran Cen-
tOS and had 1GB of RAM and a speed of 2.60 GHz. The
“client” node ran Fedora Core 1, and had 1GB of RAM
and a speed of 2.80 GHz. We ran the ELCIRC simulation
[18]. Figure 6 plots the percentage of data (from selected



model output files and data product directories) resident at
the server as a function of time. The files1 salt.63 and
2 salt.63 are two of the model outputs generated by the
ELCIRC simulation program, representing the salinity of
the water on days 1 and 2 of the forecast period. Results
for other model output files were comparable. The directo-
ries isosal far surface , isosal near surface ,
andprocess contain some of the data products generated
from the model output.
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Figure 7. Time until all data appears at server
for Architecture 2

Figure 7 plots the percentage of data at the server for the
same model outputs and data products, using the architec-
ture presented in Figure 5. As hypothesized, the end-to-
end time to generate all required data and move it to the
server is significantly reduced when the model run and data
product generation tasks are done at separate nodes. Run-
ning all tasks at a single node has an end-to-end time of
about 18,000 seconds (5 hours), while running the simula-
tion model and data product generation at separate nodes
takes about 11,000 seconds (around 3 hours). We observe
that in Figure 6 the final model outputs and data products ar-
rive at the server at around the same time, while in Figure 7
the final data products appear slightly later, due to the extra
time needed to generate the final set of data products at the
server after the final model outputs are copied there. How-
ever, overall product data becomes available at the server
much earlier in the second approach. For many forecasts,
data products account for as much as 20% of all data gen-
erated in a run. Thus, this architecture could significantly
reduce bandwidth consumption.

We briefly discuss scalability issues. While simulations
run continuously and thus consume nearly all available CPU
cycles, tasks to generate the data products are launched re-
peatedly as additional simulation model output is generated.

Thus, the server CPU may be idle between increments of
model outputs. We have evaluated the performance of Ar-
chitecture 2 generating four sets of data products concur-
rently at a server and found that running these four sets of
tasks concurrently increases the completion time by only a
small amount (about 3000 seconds). We are investigating
architectures to scale to a larger number of forecasts.

4.3 Log Data

Analyzing log data can show the effects of changes to a
forecast on its running time, and can identify anomalies and
long-term trends. Even minor modifications may change a
forecast’s running time by several hours, and may require
changing node assignments or starting times of some fore-
casts. Thus, understanding the effects of changes on run
times can improve management of the forecast factory, both
via better accuracy of estimates and by identifying changes
that are likely to significantly affect forecast run times and
hence require reallocating resources. We first present ob-
servations from actual log files, which show the benefits of
using this data, then discuss in greater detail how we extract
and leverage log data in our forecast factory.

4.3.1 Examples
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Figure 8. Effects of timestep changes and ad-
dition of new runs on the Tillamook forecast

We present wall-clock times of two different forecasts as
a function of day in Figures 8 and 9. Figure 8 plots the run-
ning time of the Tillamook forecast for days 1–76 of 2005.
On day 21, the number of timesteps is in the forecast was
doubled from 5760 to 11520, and we observe a correspond-
ing increase in the running time, i.e., it approximately dou-
bles from around 40,000 seconds to 80,000 seconds. We



note that no changes to the code version or mesh occurred
during the period plotted in the figure.

Between days 50 and 60 we observe a significant in-
crease in running time that has a “hump” shape. We believe
that the increase was caused by the addition of several new
forecasts to the system around day 50, some of which may
have interfered with the execution of the Tillamook fore-
cast. We attribute the “hump” shape of the graph to a cas-
cading effect. On day 50, the forecast took about 100,000
seconds to complete instead of 80,000 seconds. Note that
one day is 86,400 seconds and forecasts generally start at
the same time each day. Thus, the forecast of day 51 began
at the same node as day 50, before day 50 had completed.
Since the two forecasts were competing for CPU cycles, the
completion of the day 51 forecast was delayed further, and
so on. After a couple days the run time begins to stabilize,
most likely due to moving other forecasts off of this node,
and the wall clock time returns to its earlier levels.

The hump in this graph is an example of a phenomenon
that cannot be easily observed through log files alone, but
provides a valuable lesson to scientists trying to incorpo-
rate new forecasts into their factory. We believe that our
database of forecast log data will significantly improve fore-
cast factory management.
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Figure 9. Effects of code changes and mesh
changes on the dev forecast

As a second example, consider the developmental fore-
cast (dev) for days 140–270 of 2005 shown in Figure 9. The
dev forecast is continually being adapted, so new code ver-
sions are common. Around day 150 we observe changes to
both mesh size and code version, causing running times to
decrease by about 5000 seconds (about 1.5 hours). Around
day 160 we observe a significant increase in the running
time of the forecast due to a major version change in the
simulation code. The running time increased by over 26,000

seconds, or over 7 hours. Around day 180 we observe a
decrease in running time of about 7000 seconds (almost 2
hours), again due to a code version change. We observe sev-
eral smaller changes as well. We note two spikes on days
172 and 192; we suspect these were caused by contention
with other forecasts for CPU cycles. This graph shows that
changes to both mesh size and code versions may signifi-
cantly affect a forecast running time, so estimates of fore-
cast running times and forecast node assignments may need
to be altered whenever such changes occur.

4.3.2 Collecting and Using Log Data

In the forecast factory each forecast runs in its own direc-
tory, where all executables, inputs, outputs, and log files are
stored. This flat directory structure made it difficult to ob-
serve changes to forecasts over time, such as those shown
in the previous section. It also did not allow queries such
as “find all forecasts that use code version X”. To address
this limitation of the directory structure, we populated a re-
lational database with statistics extracted from forecast di-
rectories. We used scripts to crawl all existing directories
to parse log files and gather other relevant information, e.g.,
code versions. We note that since the database contains tu-
ples for eachrun execution (one per day, for each forecast)
rather than for eachtaskexecution (possibly thousands per
day, for each forecast), the overall size of the database is
relatively small.

Using Statistics for Estimation We briefly discuss how
statistics from our database can be used to estimate fore-
cast running times. We first consider timestep granularity.
As observed in Figure 8, forecast running times appear lin-
early proportional to the number of timesteps. Thus, when
users change the timestep granularity of a forecast, they
can query the database for earlier runs of the forecast and
scale the running time accordingly. We have also observed
a near-linear relationship of run time with the number of
sides in a mesh. Estimating the effect of a mesh change on
run time is sometimes non-trivial because other changes to
a mesh (e.g., depth of a region) may also affect run times,
and because mesh changes often accompany code version
changes. However, all other things being equal, an increase
in the number of sides will generally increase the running
time proportionally, so scaling results from earlier runs af-
ter a mesh change can provide an approximation.

Estimating the effect of a code version change on fore-
cast running times is more difficult to automate due to the
complexity of the underlying simulation models. However,
the CORIE programmers have years of experience develop-
ing forecast simulations and may have some intuition as to
how their code changes will affect forecast running times.
For example, a programmer may estimate that a new code



version will run 10% faster than the previous version. Us-
ing statistics from a prior run on a similar node and with
similar mesh size and timestep granularity, the programmer
can obtain a rough estimate of the running time of the new
code version on a particular forecast.

Database maintenance Keeping the database up-to-date
is important to monitor the progress of currently executing
forecasts. Once a forecast has completed, its statistics do
not change. However, a currently executing forecast will
have incomplete statistics in the database. For example, it
does not have a completion time. In our existing implemen-
tation we populate and maintain the database by running
daily Perl scripts that crawl new forecast directories and ex-
tract all relevant statistics. However, periodically crawling
directories does not provide the most up-to-date statistics
for currently executing forecasts, which limits the effective-
ness of our interface for monitoring forecast execution. Ex-
ecuting scripts more frequently will improve the freshness
of the database, but may have a high overhead.

We are considering other means to keep the database
up to date. One option is to insert commands into the
run scripts to update the database. Automatically updating
the database would provide several key benefits. For ex-
ample, it would eliminate the need for background scripts,
and would ensure that statistics on currently running fore-
casts are accurate. Finally, it would allow us to benefit
from some existing database technologies. As observed by
others [11, 13], databases can improve scientific workflow
management because they have functionalities such as trig-
gers, transactions, and concurrency control that are useful
for scientific workflows. However, using a database to di-
rectly manage the forecast factory may be impractical due
to the large number of tasks in a single forecast and the ex-
tensive overhead of modifying existing workflow code. In-
corporating database commands into existing forecast runs
would allow the forecast factory to leverage some benefits
of database technology without requiring extensive modifi-
cations to the workflows.

5 Conclusions

Data product factory management requires efficient ar-
chitectures, planning, and scheduling to maximize use of
available resources while ensuring timely completion of all
workflows. While recently there has been a considerable
amount of research in scientific workflow management, lit-
tle attention has been given to these specific challenges
posed by data product factories. In this paper we have
discussed how we have addressed these challenges in the
CORIE forecast factory. Many similar problems arise in
other product generation systems, thus, we believe many
of our solutions apply to other domains. In future work,

we are investigating how to incorporate made-to-order (on-
demand) products into the system along with the made-to-
stock products currently manufactured in the factory. We
are planning to deploy ForeMan, our factory management
interface, for use by CORIE scientists in the near future.
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