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Abstract—Scientific workflows are an enabler of complex
scientific analyses. They provide both a portable representation
and a foundation upon which results can be validated and
shared. Large-scale scientific workflows are executed on equally
complex parallel and distributed resources, where many things
can fail. Application scientists need to track the status of their
workflows in real time, detect execution anomalies automatically,
and perform troubleshooting – without logging into remote nodes
or searching through thousands of log files. As part of the
NSF Stampede project, we have developed an infrastructure
to answer these needs. The infrastructure captures application-
level logs and resource information, normalizes these to standard
representations, and stores these logs in a centralized general-
purpose schema. Higher-level tools mine the logs in real time to
determine current status, predict failures, and detect anomalous
performance.

I. INTRODUCTION

Scientific applications today make use of distributed re-
sources to support computations such as campus resources,
grids, clouds, or a mixture of them all. Scientific workflows
provide a representation of complex analyses composed of
heterogeneous models usually designed by a collaboration
of several scientists. Workflow representations and associated
middleware help scientists compose and manage the computa-
tion as well as automate the validation and sharing of results.
Workflows are also a useful representation for managing the
execution of large-scale computations.

The majority of execution environments is not immune to
failures of resources such as execution hosts and networks.
However, unlike in a tightly coupled cluster or enterprise
network, application and resource status information is often
challenging to collect and understand and analyze in these
diverse environments – particularly in real time. Solving this
problem is important because misbehaving resources can cause
large, complex workflows to take many hours or days longer
than necessary to complete. If problems could be identified
early, workflow middleware such as the Pegasus Workflow
Management System (Pegasus-WMS) [1] has the ability to
re-route the tasks onto other resources.

Up to now, tools such as NetLogger [2] have been used
to perform off-line log analysis. The Synthesized Tools for
Archiving, Monitoring Performance and Enhanced DEbugging

(Stampede) project aims to apply the current offline workflow
log analysis capability to address reliability and performance
problems for large, complex scientific workflows. Specifically,
Stampede integrates NetLogger and Pegasus-WMS into a
general-purpose framework for analyzing performance and
failure states of running workflows.

This paper describes the Stampede framework: architecture,
components and data models. Scalability of the framework is
evaluated in the context of detailed logs from a number of
real application workflows. A novel and relevant analysis of
the modeled information for workflow failure prediction is pre-
sented. Results from analyzing the real application workflows
demonstrate the real-time performance and effectiveness of
this approach.

II. APPLICATIONS

Stampede is currently used in the analyses of many scientific
applications. The analysis presented here, has been performed
on 1, 329 real workflow executions across six distinct applica-
tions: Broadband, CyberShake, Epigenome, LIGO, Montage,
and Periodograms. The datasets for these applications are
summarized in Table I. A brief description of each application
follows.

TABLE I
SUMMARY OF DATASETS FOR EACH APPLICATION

Cumulative Count for Each Application
Application Workflows Jobs Tasks Edges
Broadband 71 42,060 62,261 161,867
CyberShake 886 288,665 288,665 1,245,131
Epigenome 47 9,918 19,935 26437
LIGO 26 2,116 2,116 6,203
Montage 184 74,851 1,270,718 531,663
Periodograms 116 95,424 2,219,071 96,296
TOTAL 1,329 513,034 3,862,766 2,067,597

Broadband [3], [4] is a computational platform used by the
Southern California Earthquake Center to simulate the impact
of of an earthquake at one of the Southern California faultlines,
to guide the building design procedures in a given area.

CyberShake [5], [6] is designed to perform physics-based
probabilistic seismic hazard analysis calculations for geo-
graphic sites in the Southern California region. CyberShake



workflows analyze over 415, 000 rupture variations, each rep-
resenting a potential earthquake.

Epigenome workflows [7] are a data processing pipeline
that performs various genome sequencing operations using the
DNA sequence data generated by the Illumina-Solexa Genetic
Analyzer system [8].

LIGO The Laser Interferometer Gravitational Wave Ob-
servatory (LIGO) is attempting to detect gravitational waves
predicted by Einstein’s theory of general relativity [9], [10].
The LIGO Inspiral Analysis Workflow is used to analyze the
data obtained from the coalescing of compact binary systems
such as binary neutron stars and black holes.

Montage was created by the NASA/IPAC Infrared Science
Archive to generate custom mosaics of the sky [11]. Montage
workflows re-project, rotate, and normalize levels in the input
images to form the output mosaic.

Periodograms calculate the significance of different fre-
quencies in time-series data to identify periodic signals [12].
The periodigram application designed by IPAC (Caltech) is
being used today to search for exoplanets in the Kepler
mission’s data.

III. PERFORMANCE ANALYSIS SYSTEM

A. Framework

The Stampede architecture is shown in Figure 1. The com-
ponents of the architecture can be divided into three groups:
the workflow execution engine, log collection components,
and the archival and analysis components. The workflow
engine and execution components are part of Pegasus-WMS,
described in detail elsewhere [1].
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Fig. 1. Overview of the Stampede Architecture.

1) Log Collection: The log collection component begins
with “raw” workflow logs. All the workflows analyzed here
used Condor as the underlying job manager. During the
execution of a workflow, Condor DAGMan [13] writes its
log file ( dagman.out) in near real-time. This file contains

the status of each job, as well as the pre-execute and post-
execute scripts. Some of the analyzed workflows augment this
information with a job wrapper called Kickstart [14], which
records system statistics such as resource usage and open files
for each invocation within that job.

As these logs are staged back to the submission host
by Pegasus-WMS and Condor, they populate directories on
disk. Although this method incurs some additional latency as
compared to streaming the data directly over the network, it
has the advantage of leveraging the grid security mechanisms
to guarantee that the monitoring data cannot be viewed by
a third party. We have developed a program called monitord
that continuously parses these log files. The monitord program
is run automatically by Pegasus when a workflow is started,
although it can also be run in a submit directory after a
workflow’s execution has finished.

The main job of monitord is to map the incoming workflow
logs to the general data model described in Section III-B. The
abstract model is made concrete either by emitting NetLogger
log events (short text messages), or by populating tables in a
relational database.

2) Log Message Bus: The NetLogger log events are placed
on a message bus, which is used to decouple the consumers of
the streaming workflow data from the many possible clients.
For this function, we chose to use RabbitMQ [15] [16], a
popular implementation of the standard Advanced Message
Queueing Protocol (AMQP) [17] based on the Erlang Open
Telecom Platform (Erlang/OTP) [18]. AMQP defines an effi-
cient and flexible publish/subscribe interface that is indepen-
dent of the data model. AMQP uses a central server, or broker,
but the RabbitMQ implementation can be scaled linearly by
distributing the broker over multiple physical nodes.

We use the hierarchical datatype of the NetLogger log
message, called the event field, to route messages through
using an AMQP topic queue. Topic queues allow clients
to subscribe to messages matching a prefix of the message
type, e.g., to receive all “stampede.job” messages or just the
subset starting with “stampede.job.mainjob”. This capability
provides a great deal of flexibility in gluing together analysis
components, while maintaining good performance and keeping
implementations simple.

3) Database Archive: The monitord program can insert
data directly into an SQL database. Alternately, monitord can
write to the message bus and a NetLogger component called
the nl loader can asynchronously insert them into a database.
The former approach avoids copying the message, while the
latter allows the message bus to impedance match the log
message arrival rate with the database insertion rate.

Either way, the bulk of the work is performed by NetLogger
modules that use the Python ORM, SQLAlchemy [19]. One
advantage to using SQLAlchemy over SQL is the built-in
support for a number of relational database products, including
SQLite, MySQL and PostgreSQL. Once implemented, the
same code can switch to any of these database products by
simply changing the connection string. SQLAlchemy is some-
times slower than plain SQL, but the load and query results



in Section III-C show that this overhead is not prohibitive.
4) Analysis Components: Analysis components can obtain

data in two ways: they can query the database, or else
subscribe to a stream of log messages from the message
bus. The analysis presented here used SQL queries, which
were sufficiently performant and simpler to implement natively
in our chosen analysis language, R [20]. However, we have
verified that the analysis does not need to perform any trans-
formations of the data in order to operate directly on the live
event stream. We have developed a prototype interface using
Python AMQP libraries and the Python/R RPy2 [21] module,
which pushes R dataframes to the analysis functions. Future
work will use this interface where appropriate.

B. Data Model

We have developed an abstraction of workflows and mapped
this to a canonical, general-purpose representation as a stream
of log records. We have also implemented archival of these
logs in a relational database, for efficient historical analysis.
The current implementation uses the Pegasus-WMS workflow
engine, but the representations are designed to be easily ex-
tended to handle other workflow engines such as Kepler [22],
Taverna [23], and Triana [24] and potentially other distributed
applications.

Each workflow model consists of two sub-models: an ab-
stract workflow and an executable workflow. There is one
abstract workflow, which describes the computations, data
movement, and dependencies in a resource-independent way.
Computational tasks describe the computations using a logical
name and logical input/output data files. Tasks are arranged in
a hierarchy that indicates logical dependencies between the
inputs and outputs.

Each abstract workflow is mapped to one executable work-
flow based on a set of target resources. In this workflow, the
logical tasks are mapped to concrete resources, executables
are specified, etc. Individual tasks in the abstract workflow
may joined together or optimized away entirely. Additional
tasks, not present in the abstract workflow, are added to
create directories and manage data staging and registration. In
Pegasus-WMS, multiple abstract tasks can be automatically
clustered into a single executable job; clustering is often
helpful in the case where individual tasks are of short duration
and may incur comparatively high overheads during execution.

Clustering has an impact on failures, however. If for exam-
ple, we have a cluster of 5 tasks, and one task fails, then the
whole cluster fails. In the case of a non-clustered workflow,
the other 4 tasks may have executed successfully. In practice,
we try to strike a balance between performance and the cost
of recovery from failures by not making the clusters “too
large”. This value is currently determined in a domain-specific
fashion, but future work could derive cluster size from the
observed failure probabilities.

We will describe the details of this data model in the
context of the implementation with Pegasus-WMS. Although
the model allows for arbitrary graphs of node dependencies,

Pegasus-WMS defines the following terminology to precisely
differentiate between the various activities:

• Workflow: Container for an entire computation. Execu-
tion of a workflow is called a run.

• Abstract workflow graph (AW): Input graph of tasks and
dependencies, independent of a given run on specific
resources. We assume AW to be a directed acyclic graph.

• Executable workflow (EW): Result of mapping an AW
to a specific set of resources. The cardinality of the AW
task to EW job mapping is many-to-many. In Pegasus,
this step is called planning.

• Sub-workflow: A workflow that is contained in another
workflow.

• Task: Representation of a computation in the AW.
• Job: Node in the EW. May represent part of a task (e.g.,

a stage-in/out), one task, or many tasks.
• Job instance: Job scheduled or running by underlying

system (e.g., DAGman). Due to retries, there may be
multiple job instances per job.

• Invocation: One or more executables associated with a
job instance. Invocations are the instantiation of tasks,
whereas jobs are an intermediate abstraction for use by
the planning and scheduling sub-systems.

These terms define components for both abstract and exe-
cutable workflows.

1) Log Events: The streaming representation uses Net-
Logger’s Best Practices (BP) log format and model. In BP,
each log record, called an “event”, has a name, timestamp,
severity level, and arbitrary additional metadata in the form
of name/value pairs. NetLogger provides a simple ASCII
representation that was designed to interoperate easily with
UNIX syslog and its cousins syslog-ng and rsyslog, as well as
command-line tools like grep.

In the BP model, what classical models of system state [25],
[26] would call “activities” are each represented by two
events: one for the start and one for the end of the activity.
Relations between activities, e.g., parent/child or start/end of
a single activity, are recorded by including in each event
unique identifiers for the activity and any related activities.
For example, the job.start and job.end activities have
identifiers for both the job and parent workflow (which may be
a sub-workflow). Thus, a path can be traced from any activity
up to its top-level workflow.

Additional metadata such as the username and job ”name”
are attached to the events. For example, a single job in a
workflow would be represented in BP log events like the
following:
ts=2010-02-20T23:09:13.0Z event=workflow.start level=Info

wf.id=8bae72f2-31b9-45f4-bdd3-ce8032081a28
ts=2010-02-20T23:09:26.0Z event=job.mainjob.start level=Info
condor_id=3309.0 job.id=1
wf.id=8bae72f2-31b9-45f4-bdd3-ce8032081a28
name=create_dir_montage_0_viz_glidein jobtype=compute

ts=2010-02-20T23:14:06.0Z event=job.mainjob.end level=Info
job.id=1 wf.id=8bae72f2-31b9-45f4-bdd3-ce8032081a28
remote_user=vahi site_name=viz_glidein status=0

...
ts=2010-02-20T24:34:06.0Z event=workflow.end level=Info



wf.id=8bae72f2-31b9-45f4-bdd3-ce8032081a28 status=0

In the example, the workflow is identified with the UUID in
wf.id. Within this scope, job identifiers, job.id, can then
be small integers assigned in the order the jobs are submitted.
Standard suffixes added to event indicate the start and end
of an activity, and the status field provides a simple way
of encoding success or failure.

2) Relational Schema: The Stampede database schema,
shown in Figure 2, captures the attributes and relationships of
the data model. Each box in the figure represents a database
table, with the name underlined. The text in italics below
the name gives the associated component using the standard
terminology defined previously, or a description of its function
in the schema. Although the correspondence with the model is
mostly straightforward, a few items merit further description.
The history of states (planned, submitted, running, complete,
etc.) experienced by workflows and jobs is recorded in the
workflow_state and jobstate tables, respectively. The
parent/child relationships for jobs and tasks are recorded in
the job_edge and task_edge tables; note that this allows
inference of the hierarchy in EW elements as well. The self-
reference in the workflow table expresses the workflow/sub-
workflow hierarchy. Auxiliary data, such as execution host
statistics and file information, are not shown in the diagram.

Abstract
Workflow (AW)

Executable
Workflow (EW)AW and EW

task_edge
Task parent 

and child

task
Task

job
Job

jobstate
Job status

job_instance
Job Instance

workflow
Workflow

job_edge
Job parent and child

workflow_state
Workflow status

invocation
Invocation

Fig. 2. Diagram of the Stampede relational schema. Shaded areas indicate
which tables are used for Abstract Workflows (AW), Executable Workflows
(EW), or both.

C. System Performance

The results below show that the system performance is
sufficient to process and analyze data online. In most cases,
performance exceeds the minimum requirement by orders of
magnitude. All performance results were obtained on MySQL
5.1.49-3 running on a Debian 2.6.32-5-amd64 server. The
server had two Intel Xeon X5650 processors (each with 6
cores) and 64GB of RAM.

For online analysis, the performance target is of course
the rate of events arriving from a running workflow. This
varied widely across and even within our datasets, as shown
in the Arrival Rate columns in Table II. An average event is
roughly 100 bytes of data in the NetLogger BP format, so the

bandwidth is well within the capabilities of current WANs and
disks.

TABLE II
SUMMARY OF DATA ARRIVAL RATES, IN EVENTS PER SECOND

Application Arrival rate Load rate
Mean Max. Mean Min.

Broadband 10 52 453 366
CyberShake 77 95 444 417
Epigenome 6 118 412 199
LIGO 7 7 282 282
Montage 18 246 545 355
Periodograms 3 22 538 397

1) Data Load Performance: To measure load performance,
the application datasets were loaded into MySQL using the
nl load program with the stampede loader module. The min-
imum and mean load rate achieved for the same datasets is
shown in the right-hand column of Table II. Even in the worst
case of matching the minimum load rate against the maximum
arrival rate, the load rate exceeds the event rate. On average
the ratio of the two values is orders of magnitude. Although
not shown, experiments also verified that the load rate did not
depend significantly on the size of the workflow. Therefore, in
general, a single database can keep pace with many concurrent
workflows. Burstiness in event arrival rates will temporarily
increase the latency between event arrival time and the time
the data is added to the database, but this does not cause long-
term disruptions of the system as the log message bus provides
efficient buffering.

Although the time taken to load a workflow into the database
is a linear function of the number of “events” in that workflow,
the number of monitoring events generated by a Pegasus-WMS
workflow is to some extent tunable. Recall that Pegasus-WMS
has the ability to cluster multiple abstract jobs into a single
executable job. This reduces the number of distinct jobs that
must be submitted and managed by the Condor execution
system, thus reducing overheads. A side-effect is to also reduce
the number of job.start and job.end events, which
speeds up the database loading process. Note that none of
the relevant task details are lost by this process, as it simply
reduces the number of jobs necessary to execute these tasks
on the target resources.

The improvement due to clustering turns out to be super-
linear. In an experiment with different degrees of clustering
on a Montage workflow, the measured effect closely fits the
model: L = 0.24 + 3 ∗ E, where L is the ratio of clustered
to unclustered load times, and E is the ratio of clustered to
un-clustered events. Thus clustering reduces the number of
events and increases the load rate at the same time. This may
be due to fewer updates across tables when there are fewer jobs
per workflow, but verification of this hypothesis is outside the
scope of this discussion.

2) Data Retrieval Performance: Part of the analysis pre-
sented in this work queries the relational database to retrieve
its input data. Therefore, the database query performance is
an important factor. To measure query performance, we used
a representative set of queries, shown in Table III. These
queries are broken into three categories: Counters, Timing,



and Analysis. The Counters and Timing queries are a slightly
modified subset of the queries given in [27], chosen for
coverage of the dimensions of a workflow (state, job type,
and host) and relevance to online displays such as dashboards.
The Analysis queries are those used for the job failure analysis
given in Section IV. The query type names used in Table III
will be used in the discussion that follows.

TABLE III
REPRESENTATIVE QUERIES FOR PERFORMANCE ANALYSIS

Category Name Description
Counters JobsTot Total num. jobs in workflow

JobsState Num. jobs in a given state (run, queued, etc.)
JobsType Num. jobs of a given type
JobsHost Num. jobs on a given host

Timing TimeTot Total runtime of workflow
TimeState Time in a given state (run, queued, etc.)
TimeType Time by jobs of a given type
TimeHost Time running on a given host

Analysis JobDelay Durations of jobs from start to end, and delay
between start and execution.

WfSumm Workflow duration and number of jobs
total, failed, successful, and restarted.

HostSumm Number of jobs, successful job count and time,
and failed jobs count and time for a given host.

We experimentally evaluated the performance of these
queries on each of the application databases.

The results are shown in Figure 3. The median number
(from the 10 runs) of queries per minute is shown for each
combination of application and query type. A dashed black
line indicates the median real-time data arrival rate, which was
calculated by simply dividing the number of inserted rows by
the workflow wallclock duration. Note that this is not the same
as the event rate shown in Table II because the edge data,
while log events, are not used by these queries.
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Fig. 3. Median number of queries per minute, for each application and query
type. The dashed black line shows the median arrival rate, in database rows
per minute.

From the figure, it is obvious that a query can be performed

on a window of incoming database rows in a fraction of the
time it takes for them to arrive from the application. Put
another way, many workflows could be queried in parallel, in
real time, on the same database server. Taken together with
Table II, these results show that the maximum number of
workflows that can be accommodated will be limited by the
data load rates.

IV. WORKFLOW ANALYSIS

This section describes the analysis capabilities that we
are developing with the Stampede framework: algorithms for
workflow failure prediction, probabilistic anomaly detection,
and a web-based dashboard to visually analyze and monitor
workflows.

A. Workflow Failure Prediction

Complex scientific workflows often experience failures due
to temporary or localized problems with resources. For exam-
ple, a compute node may have a bad disk, or a network file
server may be overloaded and time out. To cope with these
situations Pegasus-WMS has the ability to retry jobs within
a workflow multiple times. However, these “soft” failures
may also be the symptoms of a deeper problem with the
workflow, one that will eventually cause the entire workflow
to slow or stop. The goal of workflow failure prediction is to
automatically determine whether a given pattern of individual
failures is a minor glitch or indicative of a deeper problem.

A summary of workflow datasets was given earlier in
Table I. For this analysis, a slightly different set of data was
used. This dataset had 1, 332 workflow instances with 288, 668
jobs, 577, 330 tasks, and 1, 245, 845 edges (in the workflow
graph). This is also a sufficiently large dataset for studying
workflow behavior.

As a first step in exploring this dataset, we look at job
failures for each workflow over time. This gives an over-
all timeline for workflow performance in terms of failure
characteristics. To normalize the results for different absolute
workflow sizes, we use the statistic of the percentage of failed
jobs, failed jobst

failed jobstotal
×100, calculated at fixed intervals, t, over

the lifetime of each workflow. Failures are easily inferred from
the data: they are represented in the BP logs by a job.end

event with a negative value for the status, which becomes a
state of JOB_FAILURE in the jobstate table in the database.
Job failure characteristics can affect the total duration of the
workflow, and the number of restarts.

Figure 4 shows the pattern of failed jobs for selected
workflow runs from each application. On the X axis is the
percentage of the total duration of the workflow, and on Y
the percentage of the total number of failed jobs. The legend
shows the exact number of failed and total jobs for each
run in the format run-number:failed/total. For the
Epigenome, Montage and Broadband applications, we only
show workflows for which more than 50% of the jobs failed.
Through the total of 881 runs of Cybershake, only 2 workflows
contained at least one job failure. LIGO workflows are not
shown because they did not suffer any job failures.
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Fig. 4. Job failure percentage at different time steps in the lifetime of the workflow. Each line represents a single run. The legend shows the wf id, and the
actual number of failures/total jobs.

From the figure, it is clear that failure patterns vary across
applications. The Montage runs have three distinct phases:
a sequence of initial failures, followed by a period with no
failures, then a sudden increase of failures near the end. For
these runs, what may appear as a temporary initial episode of
failures is actually indicative of a long-range failure pattern.
For CyberShake and Broadband, most runs show a steady
increase in failure percentage from the beginning to end. This
means that a few initial failures may be an indicator of many
more failures for that run. For Epigenome, the failure patterns
are more varied. Sometimes there are two phases of slow
and quicker steady increases in failures, and sometimes there
is a “staircase” pattern of alternating failure and non-failure
periods.

It is also evident from Figure 4 that there are distinct
patterns of job failures within each application. For example,
in Broadband workflow runs 11, 29, and 26 all have a fine-
grained staircase pattern of job failures; whereas the other runs
have job failures at only a few points in time. The existence of
these patterns suggests that jobs can be effectively clustered
within each application.

We have developed clustering algorithms that can effectively
group workflows according to different patterns of failure.
More details on the methods are available from [28], but in
brief: we used the efficient k-means clustering algorithm [29],
[30], with randomized initial centers and the (standard) Eu-
clidean distance metric. The algorithm takes as input four
parameters: workflow duration, failed and successful job du-
rations, and percentages of failed jobs. The result of this
algorithm is a set of clusters, each of which are then compared
to job failure rates and classified as belonging (or not) to the
class of “high failure workflows” (HFWs).

As an example of this algorithm, Figure 5 shows clusters
for Epigenome workflows. The graph shows the projection
in two dimensions (first 2 principal components) of the k-
means clusters determined from historical data. The centers
of these clusters are saved, and the cluster with the most
failures is labeled the HFW class – in this case, Class 1, the
tight blue cluster on the right-hand side of Figure 5(a). Then,
for each time step in a given workflow run, the workflow
is classified as belonging in the cluster whose center is
“nearest”. Figure 5(b) shows the changing classifications of
the Epigenome workflows over time.
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Fig. 5. Epigenome Online Analysis

In most cases, workflows that experience many failures
will converge to the HFW class. In the example, this is
represented by the selected workflows converging to Class 1
at the bottom of Figure 5(b). It is also evident that, in most
cases, once a workflow belongs to the HFW class, it is unlikely
to revert. Therefore, classification as HFW provides a very
clear indication that a workflow will continue to experience job
failures, and that in-depth root cause analysis and/or corrective
action are warranted. This is of course particularly true for
workflows classified early in their execution cycle. Though
only Epigenome is shown, similar results were obtained for
other applications.

B. Anomaly Detection

The second analysis example is also concerned with work-
flow job failures. Rather than trying to predict future workflow
behavior, the goal is to detect periods in which anomalous



numbers of failures occur. The methods used are probabilistic:
modeling the past distributions of job failures and comparing
them with new data from running workflows. Each application
is considered independently. The random variable to consider
here is the number of failed jobs during a certain time window.
As before, to facilitate comparing behaviors of individual
workflow runs, the lifetime of a workflow is represented as
a percentage of the total. The analysis time windows are, for
now, arbitrarily chosen to be 1/100 of the total runtime.

Figure 6 shows the empirical cumulative distribution
function (ECDFs) for job failures from workflow runs of
Epigenome and Montage. On the X axis is the total number of
failures, and on the Y axis is the proportion of time windows
experiencing that number of failures or less. Visual inspection
of the distributions shows that failure trends are similar for
most workflow runs. Further detailed analysis of individual
workflows from both applications showed that the total number
of jobs is high for some workflows due to repeated job failures,
such as workflow 21 for Epigenome and workflow 46 for
Montage. These workflows, which correspond to the two right-
shifted lines in the ECDFs, are anomalies we would like to
detect.

In order to distinguish between the anomalies and other
workflows, we model the failure distribution over time as a
Poisson process, which has distribution given by P (x) =
e−λλx

x! . A random subset of historical workflows with a low
number of total failures are used to determine λ, the expected
number of failures per time period. The red line in Figure 6
shows the fitted distribution using the mean job failure from
one normal workflow run. The fitted distribution is very close
to the “normal” workflows. This result differs from failure
analysis presented in [31], where the log normal distribution
was a better fit for failures. In our analysis, a Poisson model is
more appropriate since we are dealing with a more localized
dataset. Each workflow runs within relatively a small period
of time (minutes or even hours), compared to days or years
in [31]. The characteristics of the underlying resources are
less likely to change in this time range, making a constant
failure rate, the Poisson λ parameter, a more reasonable as-
sumption. For much longer workflows an alternate distribution
or coupling of Poisson with change-point analysis would be
appropriate.

C. Workflow Status Dashboard

We have also provided a set of web-based tools to allow
STAMPEDE users to examine runs visually. A simple HTTP-
based API was built on top of the STAMPEDE database,
thereby providing a flexible, architecture-neutral way for web
clients to access data either in an online or offline format. Two
screenshots of the dashboard are shown in Figure 7.

The left screenshot shows the barchart view. In this view,
users can see the elapsed time for each workflow within a run,
divided into the time its jobs spent in the submitted, running,
completed, and failed states. By clicking on a particular
workflow, the user brings up a more detailed display in the
bottom panel in which the details of each job can be seen,
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Fig. 6. ECDFs for runs of Epigenome and Montage. Fitted Poisson
distribution is shown in red.

Fig. 7. Barchart and areachart views of the STAMPEDE dashboard.

such as its name, state, running time, submit time, parents,
and children. This allows a user to easily zoom in on particular
aspects of a run to identify failures and bottlenecks.

The right screenshot shows the areachart view. In this view,
the user can see the performance of a run over time, with the
fraction of jobs in each state indicated by strata in the chart.
By clicking in a region of this chart, the user can then get a
more detailed snapshot of each job’s state at that point in time,
allowing the user to get a clear understanding of the dynamics
of the run and potentially identify bottlenecks.

V. RELATED WORK

A large number of systems have been developed for mon-
itoring and performance analysis in grid environments [32],
[33]. These systems focus on monitoring grid jobs and in-
frastructure, and have limited support for data relevant to



workflow applications, such as workflow dependencies, and
task clustering data.

Many workflow systems have some form of integrated
monitoring capability. Visual workflow systems such as
Kepler [22], Triana [34], and Taverna [35] support run-
time monitoring through a graphical user interface. The
SWAMP [36] workflow system provides monitoring informa-
tion through a web interface. The monitoring features of these
systems are focused primarily on reporting, not on online
performance analysis and prediction. P-GRADE [37] is one
notable exception that supports integrated performance analy-
sis and debugging. Our focus is on a decoupled interface that
allows both export and import of performance information,
e.g., to and from perfSONAR [38].

Several workflow systems have been integrated with exter-
nal monitoring tools and middleware. A few different monitor-
ing and analysis tools have been developed for the ASKALON
system [39], including an online, service-oriented system
based on SCALEA-G [40], [41], and the Perftool system [42],
which provides a graphical user interface for inspecting and
analyzing the ASKALON logging database at runtime. Kepler
has been used with the MidMon monitoring system [43]. Our
approach captures more details about workflow execution than
these previous systems and has been used successfully with
larger workflows.

In addition to performance analysis and debugging, the
information collected by Stampede could be used to answer
provenance queries regarding the origin and history of data
items. Provenance is focused on tracing the lineage of data
in order to support repeatability and ensure data quality in
scientific computations. Provenance in the context of scientific
workflows has been studied extensively, and many workflow
systems support provenance collection and analysis [44]. Sup-
port for provenance can be built into a workflow management
system, or it can be provided through external, service-oriented
provenance systems such as Karma [45]. Kepler [46] and
Triana have native support for provenance collection and
retrieval. Triana has been integrated with external services
such as those provided by the EU provenance project [47].
And Pegasus has been integrated with the PASOA provenance
system [48], [49]. These external provenance services use
a similar architecture and implementation as Stampede, and
collect similar data. Although the approach described in this
paper can be used for provenance collection, the primary
focus of the Stampede project is to process information about
workflow execution for the purposes of performance analysis
and anomaly detection.

Failure prediction using event correlation has been studied
in [50]. Temporal and spatial correlations are proposed using
multiple features (system information, utlization, packet count,
etc). The analysis was performed on a large dataset spanning
a one-year period. The large available dataset makes using
supervised learning, but might not fit general online learning
when low level grid conditions are unknown.

Streaming data processing systems like Tele-
graphCQ [51] provide a general solution to the problem of

online processing of streaming data, whereas STAMPEDE is
more focused on troubleshooting for distributed workflows.
Commercial products like Splunk [52] provide data for IT
analytics across various system layers, but are not built to
efficiently extract the dependency graph needed for workflow
analysis. Data analytics tools from industry, such as the
Percolator system from Google [53] also addresses some of
the issues with online ingestion of data. These approaches
aren’t directly comparable, but the techniques could be
applied to STAMPEDE in the future.

A comprehensive offline analysis for 9 years of LANL
failure logs was presented in [31]. The analysis produced prob-
ability models for failures in different systems with respect
to various factors including root cause, time between failures
and time to repair. This offline analysis gives guidelines for
possible probability models that can be extended to suit our
online analysis.

VI. CONCLUSION

Applications keep scaling up to ever larger systems and
the execution environment is also growing in complexity. Al-
though cloud technologies are simplifying application deploy-
ment, information about the application execution, including
failure behavior, remains hard to understand and analyze in
real time. In this paper, we showed an approach to the problem,
where we developed an execution information capture and
analysis system which is capable of streaming and/or storing
workflow performance information in real time.

We demonstrated the system in the context of a number of
real application workflows, which were executed in distributed
environments that included campus, grid, and cloud resources.
We showed that the system and associated analysis capabilities
are performant enough to provide results in real-time. Our job
failure analysis confirmed that the longer a workflow runs, the
more failure-prone it becomes. The analysis also showed that
jobs that are likely to fail may be executing for a long time and
then fail; therefore early recognition of ”doomed” workflows
is important for overall efficiency.

Future work will apply the information about failure work-
flows to restart and recover these workflows without waiting
for them to fail entirely. This work will require the addition
of adaptation capabilities to the Pegasus-WMS system, and
additional analysis to track the effectiveness of these adapta-
tions. In addition, knowledge of which workflows are likely to
fail can be used to condition measurement granularity. This is
part of the general technique called adaptive monitoring[54], a
necessary research direction in this age of information deluge.
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