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ABSTRACT

In recent years, there has been a renewed interest in laregiagd
systems for large scale distributed computing. Unfortalyaimost
systems available to the end user use a custom descriptien la
guage tightly coupled to a specific runtime implementatioak-
ing it difficult to transfer applications between systenwadldress
this problem we introduce Makeflow, a simple system for ssprg
and running a data-intensive workflow across multiple ekeou
engines without requiring changes to the application or kfiow
description. Makeflow allows any user familiar with basicixJn
Make syntax to generate a workflow and run it on one of many
supported execution systems. Furthermore, in order tosaste
performance characteristics of the various execution eegjavail-
able to users and to assist them in determining which enginsé
we introduce Workbench, a suite of benchmarks designednte co
pare the performance of various execution engines. We atealu
Workbench on two physical architectures — a storage cluatet

a high performance computing cluster — using a variety otexe
tion engines. We conclude by demonstrating three apptinatinat
use Makeflow to execute data intensive applications camgisf
thousands of jobs.

1. INTRODUCTION

Many problems in both science and industry ranging from web

very effective at expressing highly parallel data inteasipplica-
tions. To this end, we present a new implementation calatie-
flow (Make + Workflow) that can portably run the same applica-
tions across multicore processors, dedicated clusterg&)Seycle
scavenged grids (Condor), storage clouds (Hadoop), anticam
tions of the above (Work Queue), without requiring any clesm
the application or the workflow description. This makes isgible

to develop an application on a personal computer, and tham-se
lessly move it between institutional clusters and comnaéadouds
without any restructuring.

Of course, there have certainly been maoayallel implemen-
tations of Make presented previously [5, 24, 4, 26]. Thesasl
sume a homogeneous set of reliable processors, all conhtecte
common shared filesystem. Makeflow goes beyond these pgeviou
systems with a trulyistributedimplementation that runs on het-
erogeneous, failure-prone distributed systems, takingrtdge of
data locality when the implementation allows it. To enalbies,t
we require a small but important change to the semantics éeMa
data dependencies must be completely elaborated.

Because Makeflow provides transparent portability of aypli
tions across systems with significantly different propeestiit al-
lows us to perform an objective comparison of the relativeatd-
ities of each system for different types of workloads. T thind,
we have created/orkbencha system-independent set of workflow
benchmarks that measures dispatch latency, job throughjt

indexing to genome analysis can be expressed as a graph bf smathroughput, and interprocess communication. We evaluate\W

sequential programs with a high degree of parallelism. A loeim
of workflow systemfl1, 17, 19, 22, 12, 9, 34] have been created
to express and execute such programs. While these systemas ha
many virtues, they typically couple a custom language toshorn
runtime implementation, making it difficult to move applicens
across systems, or even to evaluate which system is mosi@appr
ate for a given application.

We argue that there has long existed a portable and effdative
guage for data parallel computing. Traditional Make [1&haugh
most commonly used for compiling and linking programs, soal
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grants CCF-0621434 and CNS-0643229.

Permission to make digital or hard copies of all or part of thiork for

personal or classroom use is granted without fee providatidbpies are
not made or distributed for profit or commercial advantage @rat copies
bear this notice and the full citation on the first page. Toycotherwise, to
republish, to post on servers or to redistribute to listquies prior specific
permission and/or a fee.

Copyright 20XX ACM X-XXXXX-XX-X/XX/XX ...$10.00.

bench on two distinct architectures — a storage cluster dnidta
performance computing cluster — using each of the execuion
gines supported by Makeflow. These results help the end aser t
select the right type of execution system for the workloaklaatd.

Makeflow is open source software that is currently in promtunct
use by a number of scientific communities. (To be clear, Make-
flow is designed for data intensive scientific applicatiarg] is not
particularly suited for compiling and linking programs.)eWon-
clude with a selection of bioinformatics applications gsMake-
flow, currently in use by a cloud computing portal at Notre [am

Several previous publications have mentioned Makeflow §spa
ing. A journal article [33] and a book chapter [28] briefly dliss
Makeflow as an example of one of several kinds abstractions fo
distributed computing. This is the first publication to diss Make-
flow in detail, to present the Workbench benchmarks, and atuev
ate workloads across multiple implementations.

2. THE MAKEFLOW LANGUAGE

The Makeflow language is very closely related to the tradalo
language of Make [13]. A valid Makeflow program consists of a
sequence of assignments and rules. assignmentindicates the
name and value of an environment variable, which appliedito a



Figure 1: Example of a Bioinformatics Application in Makefio

succeeding items in the file. Alle indicates a command line to be
executed, along with the input files required by that command
the output files that it will create.

A Makeflow rule has slightly different semantics than tramial
Make. Traditional Make simply requires that a rule stateyahke
files that may have changed, but assumes that any other file in
the filesystem is available for use by the command. In contras
a Makeflow rule must accurately specdyl of the filesthat a com-
mand requires as both input and output, because this is wvsed t
create the correct execution environment.

For example, the following is aimcorrect Makeflow rule:

out . dat:

simul ate. exe in.dat -o out.dat

The following rule iscorrect, because it correctly specifies all of
the input dependencies, including the executable and deta fi

out.dat: sinul ate.exe in.dat
simul ate. exe in.dat -o out.dat

Figure 1 is a visualization of a relatively small bioinfortita
job expressed in Makeflow, consisting of 33 jobs (circles) tre
interdependent files (squares). In practice, workflows dteno
very large, consisting of thousands to millions of jobs pssing
terabytes of data. (The largest are difficult to present mphi-
cal form.) As one may see, the graphs may be highly irregular
and thus not easily expressed in a fixed abstraction such as Ma
Reduce [11].

Once a workflow is expressed with fully elaborated data depen
dencies, a number of opportunities for executing the wonkgdfi-
ciently and scalably become possible:

Job migration. When the full dependencies of each job are
known, the single job may be moved to a remote execution site,
without requiring any particular runtime support on a skiditesys-
tem. This enables harnessing of resources that are outsdent
mediate execution environment.

Workflow migration. With the inputs and outputs of the whole
workflow are known, it becomes easy to move the entire work-
flow to another site. For example, one might allocate a ciuste

a commercial cloud, send the inputs, execute the entire floark
remotely, and then retrieve the outputs.

Workflow decomposition. Given sufficient information about jobs
and data, it may make more sense to partition the graph, and ru
sub-graphs in distinct systems. As we show below, some &recu
systems are more effective at partitioned data, and othetsaaed
data.

Co-location of computation and data. When operating on dis-
tributed data, it is often beneficial to move computation teeve
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Figure 2: Architecture of Makeflow

the data is located, or vice versa. With information aboetdhata
needs of each application, an implementation of Makeflowseak

to put them together.

Resource management.Cloud computing environments in par-
ticular require the user to make resource management dasisi
allocating more machines always costs more money, but may no
necessarily improve performance. Accurate informatioougtthe
computation and data needs of a workload makes it feasilde-to
lect appropriate resources for an execution.

In order to exploit these management and performance proper
ties, we have very deliberately choseat to include any of the
higher-order constructs found in other versions of Makehsas
implicit and pattern rules. For example, if we include patteiles,
then it is no longer possible to measure the width or deptthef t
graph without actually executing it. Makeflow is a staticldeative
specification and nothing more.

We have not found this to be a serious limitation in practice:
where more dynamic behavior is needed, it is accomplished by
writing a script which generates the desired workflow, whictm
then be processed as an independent step. (See our egrkepa
Weaver [6] for examples.) By analogy, HTML has achieved uni-
versal success by aiming simply to be a declarative statenfen
the structure of a web page; programmability has been oty
a variety of languages that generate HTML.

3. IMPLEMENTATION

We have created an initial implemenation of Makeflow that exe
cutes complex workflows effectively on several differentextion
platforms. Our implementation is open source software uade
tive development, with a growing user communfty he work here
describes version 3.3.1 of the software, and exploits mhayr{ot
all) of the opportunities made possible by the graph repitasien.

Figure 2 shows the architecture of the current implemeonati
The user provides a workflow in the form of a Makefile, then exe-
cutes tharakef | owprogram. The Makeflow core logic manages
the graph of processes and data, submits jobs to the absysct
tem interface, and records events in a transaction log. bhiact
system interface provides an API for submitting a single gola

2http://www.cse.nd.edu/"ccl/software



time, indicating input and output dependencies, and thityabd
wait for the completion (or failure) of any previously sulited job.
Drivers for multiple execution systems are hidden behirel dab-
stract interface, and include Local execution, Condor,/Guacle
Grid Engine, Hadoop, and Work Queue, which we describe below advertise
Events in the life of the workflow are recorded in a transactay, submit jobs
which is used for both failure recovery and system monitprin job

advertise
resource

condor

startd/
starter

condor

schedd/
shadow

execute job

!

3.1 System Drivers

Two details of the system drivers are worth noting. Firsthea
driver is a combination of a computation environment witlyatly-
coupled storage system. Local is actudtigal processes and a
local filesystemwhile Condor is actuallfCondor execution with
file transfer and so forth. Each represents a signficantly different
method of accessing data at runtime. We will elaborate osethe
properties in each section below, but use the short namddntyc

Second, we have found that many execution environments have
poor support for monitoring the status and completion of yrjahs

makeflow
txn

log

submit machine

asynchronously. All provide some interactive command ob we execute machine
page for observing system or job status, but this is unwiétdy ) )
access from within Makeflow, because the information mayrbe p Figure 3: Makeflow on Condor

sented poorly, or the call may be very slow to invoke. Thusache
case we describe the method by which we monitor the status of e
ecuting jobs, and in many cases it involves a creative workaa

to bypass the limitations of the system.

Local Driver. In Local execution mode, all jobs with satisfied
data dependencies are forked as new processes that exadhe o
local machine. Makeflow then monitors the status of eactdchil
process and marks the job description as completed or faited
the child exits. The local engine uses the local filesysterisas
storage component. Where multiple cores are availabletipteil
processes can run simultaneously. Local execution is aftenl

submit job & execute

monitor monitor
makeflow
txn

log write job status

execut
job

5
for pre-testing workflow executions to ensure they are coogtd i :
properly before scaling up. ri?gtﬂgb Y read
Users can recommend local execution for specific jobs evamwh out r__>
executing on a distributed system by prefixing the rule with t \\/ write
LOCAL keyword. This informs Makeflow that a particular com-
mand is optimally run locally, due to filesize, permissiomisgon- shared network filesystem
figuration constraints, while still allowing the command®man-
aged as part of the workflow. Figure 4: Makeflow on SGE
Condor Driver. Condor [29] is a distributed batch computing
system that can be used across hardware ranging from desktop
chines to high performance clusters. Condor provides a cemp
hensive matchmaking system to match jobs to their hardvwere r
quirements as well as to ensure fair usage of shared resowitte 1. submit 2. execute
out inconveniencing their owners. map job map job

Figure 3 shows the interaction between Makeflow and Condor.
For each job to be executed, Makeflow creates a job submiigon
and invokescondor _subnmi t , which queues the job with the lo-
calcondor _schedd daemon. The job submission file indicates ( parrot ) (_ parrot )
the input and output files required for the jabondor _schedd A A
communicates with the matchmaker to find a compatible execu-
tion machine. At the execution site, the input files are egtd
from the submission site, the job is executed, and outpud fite
moved back. When multiple jobs execute simultaneous|ytrémes-
fers may happen concurrently.

To provide lightweight notification of job status, Condompr
duces auser log filethat indicates when a job starts, completes,
migrates, and so forth. Makeflow monitors job status by mkrio
cally looking for new data appended to the file.

SGE Driver. Sun/Oracle Grid Engine (SGE) [14] is a batch sys- Figure 5: Makeflow on Hadoop
tem for managing large clusters. SGE schedules jobs adness t
nodes in a cluster, typically requiring the use of a sharezbyi-
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tem such as NFS or AFS to provide uniform data access acress th
cluster. Unlike Condor, the queue of jobs in SGE is storeddara

1. put input files
2. execute job

Frallzed location, which exercises absolute control ovsahenode makeflow 4. get output filea
in the cluster. txn -
Figure 4 shows the interaction between Makeflow and SGE. To log

submit a job, Makeflow invokes thgsub command, indicating
awr apper script and an executable. No information about data
needs is communicated. The job is run in the shared filesystem
where thewr apper script may be executed by the node. The job’s
executable and its data are also accessed through the $itesps
tem. Thewr apper script also writes to a log file the job’s start
time, completion time, and exit status. Makeflow monitoes lihg
files of all running jobs to observe completion events.

Hadoop Driver. Hadoop [17] is an open source implementa- )
tion of the Map-Reduce [11] distributed computing concéfibFS Figure 6: Makeflow on Work Queue
is the file system component, corresponding to Google GFP [15

3. worker executes job

Normally, to interact with Hadoop, one submits a Java pnogra
with a Map component and a Reduce component. This program work M
is distributed to all nodes simultaneously and used to cacisthe
graph of communicating processes. makeflow gueue —@
It can be challenging to convert an existing application kées- txn| | library condor pool
Reduce form. A Map-Reduce program accepts input data as it is log W
fed in, and does not normally open arbitrary files at run-fise \
1/0 must be converted into a streaming form, if possible. pie
grammer must decide how to partition code among the Map and th @V_\D @ @ @
Reduce components and how to partition data horizontaliyitiM
ple invocations of Map-Reduce may be necessary to achieve th
desired goal.
With Makeflow, our objective is to make it possible to run ex- ec2 cloud sge cluster

isting, unmodified applications within the Hadoop envir@mh
achieving acceptable parallelism and performance withimah
effort by the user. If all the user's code and data are alréady
Hadoop, Makeflow provides a way to execute applicationsdteat
not obviously of a Map-Reduce form.

Figure 5 shows how this is achieved. Makeflow passes its jobs
to Hadoop as single-node Map-only jobs. Each job consistiseof
streaming wrapper program, the desired executable andthe of
its input dependencies. Hadoop will then execute the jaiglig
on a node close to the input data. The job is completely urexafar
the Map-Reduce framework and will attempt to access filehén t
normal way through the filesystem. To enable this, we relyhen t
Parrot [27] interposition agent to transparently convilg appli-
cation’s system calls into the corresponding operationsiDiFS.
(FUSE [1] can also be used for the same purpose, but requdres a
ministrator privileges to install.) The progress of eadhimtracked
by forking a child process to monitor the standard output stad-
dard error from the Hadoop streaming wrapper. The monitprin
process writes the status into a file which the main procesisre

Work Queue Driver. Most of the available job execution en-
gines are managed via a queue system, where jobs are subtuitte
a central manager which then dispatches jobs based on tiedea
resources and system policies. As we show below, this caitres
in long dispatch times with jobs sitting in a queue for mirsute
longer. For long-running or data-intensive jobs this dispaime
may be subsumed by the computation time of the job itselfafor
job which consists of huge numbers of short-running jobs tyje
of system may impose 10-100 or more seconds of wait time for
each second of computation.

To address this problem, we have created Work Queue, a master
worker framework designed to work natively with Makeflow. ko
Queue provides fast invocation times, local storage managg
and a means to rapidly deploy an execution environment fer th 3.2 Transaction Log
user that is not already invested in a batch system.

Figure 7: Building a Private Cloud with Work Queue

Figure 6 shows the relationship between Makeflow and Work
Queue. The system consists of a lightweight worker procaeds a
a master library which is linked into Makeflow. Workers may be
submitted as jobs to one or more distributed systems (su€loas
dor or SGE), or run by hand on machines accessible to the user.
To execute a job, the master simply transmits the requiredtin
files, tells the worker to execute a command line, and thereves
the outputs. Both inputs and outputs can be cached at theework
with the knowledge of the master, so that jobs can be autoaibti
located with their input data.

The Work Queue system achieves fault tolerance in the fatigw
manner: The connection between each worker and the master is
via TCP. If the worker or the network fails the master drops it
internal record of the worker, assumes any running job daiénd
reschedules it for another worker. If the master or the netvails
the worker stops the running job, cleans up any cached dath, a
then attempts to connect again, up to a configurable timéelhs.
system safely accepts workers joining and leaving at rumtatbeit
with some performance penalty.

Figure 7 shows how Work Queue can be used to create a pri-
vate cloud environment. The Worker process can be subnasked
a batch job to systems such as Condor and SGE, or executed on
resources allocated from a commercial cloud. Regardle$®wf
the worker is started, it contacts the master process, agidd®
execute jobs and cache data. From the perspective of Makeflow
the set of workers forms a cloud of both computation and gera
resources.

As Makeflow processes a workflow, it produces a transactign lo



This is a complete description of the life of the workflow, lumting
all job submissions, completions, and failures. The logsdeves
two purposes: it facilitates recovery from failures, angribvides
data for troubleshooting and performance analysis. Théslégpt
by Makeflow at the submission site, and is independent of hie v
ous logs produced by the batch systems.

Fault tolerance is critical in a distributed computing eoa
ment. Makeflow must operate with multiple distributed comimpy
systems over the wide area, each with their own peculiaoril
modes. It is not uncommon for the network or a batch system to
fail during a job execution. A job within a workflow might run
for hours or days, during which time Makeflow may become dis-
connected from the batch system, or killed outright. A czssl
approach to job submission may result in multiple jobs besinlg-
mitted unnecessarily, or orphaned jobs left running in tysteim
with no corresponding record in Makeflow.

To address these problems, every event in the lifetime adb &jo
recorded in the transaction log. Rather than rely on thegmess of
files (as a traditional Make would), Makeflow examines thadee-
tion log to recover the state of running jobs. This allows kfébw
to crash and restart while allowing its jobs to continue to. rf
Makeflow receives a signal to abort, it works to remove jolosrfr
the batch system, logging as it goes. Interacting with thetbsys-
tem can take time, so if Makeflow crashes and restarts during a
abort, it will pick up the current state, and then continuabort
cleanly.

Ideally, batch systems would facilitate this by providing ia-
terface fortwo phase commitThis would allow Makeflow to first
request a job number from the batch system, record it to Hrestr
action log, and then commit the job within the system. To our
knowledge, no batch system provides this through a pubtgr-in
face. (Condor does this internally, but does not expose ahn) AP
As such, our implementation has a short time window in which a
failure could result in duplicate job submission.

The use of the log has the side effect that Makeflow can be
killed and moved to a completely different machine, and ag las
the corresponding workflow, transaction log, and deperidsrare
available, the workflow can be restarted without duplicptivork.

It also allows the user to switch execution engines mid-fowk If
the initial execution engine bogs down under external stoaipart
of the system fails permanently the user can stop the worlkdiogy
restart it using a different engine while preserving all loé tvork
done up to that point.

The provenance information provided by the transactioralsg
makes debugging, performance analysis, and job statusonioigi
much easier. By maintaining the logs of which jobs fail, hoany
times they are retried, and what times the failures occunakes
tracking down the problem easier. The details of the log file a
lows us to keep track of which jobs are unexpected bottleneck
how close to completion the workflow is. The real-time tinagsps
allow the user to correlate job events with the logs mairdihy
many of the Makeflow subsystems in order to identify problems
with the subsystem and to correctly identify which failuege due
to the application itself and which are caused by the exenugn-
gine.

An example transaction log created from this simple workflow

b.dat: simul ate.exe a.dat # node O
simul ate. exe a.dat -o b.dat

c.dat: sinmul ate.exe b.dat # node 1
simul ate.exe b.dat -0 c.dat

looks like this:
1301517576747953 0 1 15739 1 1 0 0 0 2

1301517576803854 0 2 15739

0
1301517576806569 1 1 15742 1

1 1002
0 1002

Each event in the log describes a change in state of a sirfgle jo
The first four columns indicate the state change by the ctitirae,
the node number, the new state of the node, and the job id. &tie n
five columns are a convenience that show the total numberdgsio
in each state: waiting, running, completed, failed, andigio The
final column shows the total number of nodes in the workflow.

The log is designed to be easily machine readable. In order to
monitor the progress and analyze the output of our workflaves,
have developed a handful of useful example scripts to pduse t
transaction log and generate statistics about the worldlexecu-
tion. These scriptsyakef | ow_noni t or andrmekef | ow_anal yze,
are made available alongside Makeflow to provide both usatal-
ysis tools to researchers using Makeflow as well as to proside
basis for custom analysis scripts.

4. WORKBENCH

Makeflow allows one to run workflows across several different
execution engines and physical architectures, includingicore
systems, shared-nothing clusters, shared-filesystentecisand
distributed transient caches. As a result, one would expatdif-
ferent kinds of workflows would be better suited to differ&imds
of architectures.

To evaluate the essential performance characteristicsystam,
we created Workbench, a set of simple workflow benchmarlg. Fi
ure 8 shows the basic patterns, which are parameterizechtatru
various scales. Of course, none of these patterns is reypetise
of a complete workflow, but each exercises a different aspietie
system, including dispatch overhead, job throughput, M@ugh-
pot, and interprocess communication. By understandinggtbasic
parameters, we can better judge the expected performarsceeaf
workflow, which consists of many of these patterns put togieth

We note that Workbench very deliberately exercisesphtno-
logical casesn workflow performance. We expect that any execu-
tion system would be effective at running a large number déin
pendent processes that each run for hours with minimal iapdt
output. The differences between systems are apparent onthei
more difficult cases that stress 1/0O and/or large numbersoits
jobs.

The five Workbench patterns are:

Chained(J,T) consists of a chain of jobs running forT time,
each producing one empty output file, which is consumed by the
next. WhenT' = 0 the chained benchmark measures the average
latency to submit a job, which puts a lower bound on the execut
of any job. As we show below, many systems have a surprisingly
high job latency.

Concurrent(J,T) consists of a set of independent running for
T time and producing no input or output. This benchmark mea-
sures the throughput of job dispatch and completionT If> 0,
then the throughput is likely to vary with the number of ashik
processors.

FanIn(J,T,F,S) consists of a set of jobs running forT" time,
each reading" files of sizeS as input. This benchmark measures
the ability of the system to deliver input data. At largebut small
S, it stresses the number of file transactions, while at siiahd
large S, it stresses the total data throughput.

FanOut(J,T,S) consists of a set of jobs running forT" time,
with a common file of sizé5' as an input and independent files of
sizeS as outputs. This type of workflow is common in simulations,
where the input file represents the starting data and eads joie
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Figure 8: The Five Workflow Benchmark Patterns
run of the simulator with varying input parameters. The trenark and to measure the throughput of job submission w&amcurrent(128, 0)

measures how well a system can exploit commonality of inpta,d on all configurations. The results are shown in Table 2.
typically whensS is large andJ is less than the number of cores.

Map(J,T,S) consists of/ independent jobs running far time, System Engine Latency | Throughput
each of which reads one input file of sifeand writes one out- Sec/Job Jobs/Sec
put file of sizeS. Maps occur in many transformative workflows, SC Local 0.012 126.392
where a series of operations are performed on each of many in- SC Condor 37.807 2.936
put files, such as video transcoding or data exploration fAawis. SC Hadoop 17.405 0.648
The Map benchmark also allows us to measure the aggregate 1/0 SC WorkQueue 0.049 124.000
capacity of the system on independent tasks. HPC || WorkQueue 0.016 115.711

HPC SGE 7.659 6.261

5. EVALUATION HPC Local 0.016 229.688

We evaluate the Workbench benchmarks on two different physi
cal architectures and five software systems. Table 2: Chained and Concurrent Results

The first architecture is a Storage Cluster (SC) that refléws
hardware philosophy of commercial clouds: large numbeshafed- The results of these tests demonstrate that the real boujubon
nothing machines with large local disks and cost-effectioen- throughput is the submission time of the system. Systents asic

modity processors. Our SC cluster consists of 32 machinés wi  Work Queue and Local that are controlled and scheduled arnogr
2.4GHz dual-core AMD Opteron CPUs, 4GB of RAM, and 750GB  matically by Makeflow have relatively short dispatch times @an
local SATA disks, all connected by a 1Gb/s Ethernet. On this-c push out 100+ jobs/second. In contrast, systems like Coandr
ter, we evaluated Makeflow using the Local driver (on one riregh Hadoop that use an external scheduler have dispatch tindessor
and Condor, Hadoop, and Work Queue, which are all designed to of magnitude larger. Constrained as they are by the speelkeof t

exploit the local disks in different ways. system’s native dispatcher they can only start at best a ¢bw j
The second architecture is a High Performance Cluster (HPC) each second.
that reflects a more traditional cluster architecture: éangmbers To measure the ability of each system to deliver files to jolss,

of machines that share a common central filesystem and have mi runFanlin(1,0, 1 — 256, IMB) with the number of files varying in
imal scratch disk on each machine. This cluster consists.®f 2 powers of two. The results are shown in Table 3.

GHz six-core AMD Opteron CPUs with 1-2GB RAM per core, Again, we see significant differences in the ability of eagstam
connected via 10Gb links to a high performance NFS file server to complete small file transactions. All of the distributegeution
The HPC is a campus-owned resource and thus we are only able tosystems are an order of magnitude worse than local storagek W

evaluate the installed SGE, along with Local and Work Queue. Queue is about three times faster than Condor or Hadoop on the
The results of these benchmarks are a function of both the-phy  storage cluster, while about half as fast as SGE with NFS en th

ical architecture and the design of the software system én As HPC cluster.

such, we caution the reader not to compare the absolutetsesul  To measure aggregate 1/0O performance on large workflows, we

across clusters. Rather, the results reveal to what exésti oft- ranFanOut(128,0, 1IMB/16MB /64MB) andMap (128, 0, IMB/

ware system can exploit the unique properties of each eluste 16MB /64MB) on both clusters. The SC results are shown in Fig-

ure 9 and the HPC results are shown in Figure 10
5.1 SyStem Overhead and ThrothPUt The differences between the Local tests on the SC and HPEC clus

To establish a baseline for I/O operations, we measured #xé m ters are not due to hardware differences. Rather, when tiaefola
mum throughput achievable by a single client on each clusteivn  the test is created it gets cached in memory. On the SC we ke ab
in Table 1. to flush the cache before beginning the tests, so the perfarena
unaffected by this. On the HPC cluster flushing the cache ts no

System || Storage | Read (MBJs) | Write (MB/s) permitted, so the runs on smaller data sizes are aided byetiehb
SC Local 51.08 61.40 mark set-up. Once the data sizes becomes larger than the siaeh
SC HDFS 24.06 24.04 (see Fig 10c vs Fig 10e) this artificial prefetching does remtuo

HPC Local 110.73 290.50 and the performance drops to disk bandwidth rather than memo
HPC NFS 93.14 133.29 bandwidth.
] Overall, the results indicate that when dealing with smbdkf{a
Table 1: Basic I/O Throughput few MB or less) the systems with minimal overhead and shaxt di

patch times like Local and Work Queue tend to dominate, &ufge
To measure the latency of job submission weCained(128, 0) relatively steady throughput regardless of the number akers
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Figure 9:Storage Cluster: Fan-Out and MapThese graphs display the average and standard deviati@ataftdtoughput for data intensive
workflows, Map and FanOut. The workers execute ¢he function on the input to create a copy output file. The dataubhput is calculated
based on the size of the input data beiread . The time used to calculate this value also includes the taken to return output, that is,
write data. When running the Local engine on this storage clustecleaned the disk cache before execution so all data hasirezsll from
disk. (This is different from the Local engine benchmarkgsleHPC cluster.) To keep runtimes reasonable, the ben&isroarit numbers
for 1-2 workers on Condor and Hadoop.
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Figure 10: High Performance Cluster: Fan-Out and Map These graphs display the average and standard deviatioataftliroughput
for data intensive workflows, Map and FanOut. The workersetethe cat function on the input to create a copy output file. The data
throughput is calculated based on the size of the input datgylread. The time used to calculate this value also includes the tiken to
return output, that iswrite data. The Local engine on this cluster takes advantage dfahim-memory cache from moving the data into a
local sandbox (/tmp). When the data size is 64 MB, the datasehs 8 GB (128 files each 64 MB). At this point the cache cdomger be

hot so the performance is indicative of the disk bandwiditig is different from the Local engine benchmarks on the BGter.)



System Engine Files /s distributed systems for small filesizes.

SC Local 234.07 SGE’s advantage in parallel acquisition of files begins tea

sC Condor 5.54 earlier than Condor or Hadoop. At large numbers of workers fo

sC WorkQueue|  17.23 even 16MB files SGE begins to perform better than WorkQueue,

SsC Hadoop 5.99 reaching twice the data throughput in thiep (128, 64,0, 16MB)

HPC SGE 23.53 case.

HPC Local 475.75 At the largest filesizes SGE quickly dominates both other sys

HPC || WorkQueue|  13.00 tems. Lacking the bottleneck of sending all of the requii¢a
through a single master process, SGE is able to satisfy eadteris

Table 3: Fanin 256 1MB Files data dependencies faster and thus achieve much betterparfoe
than Work Queue.

used. In fact, despite the slight decline in data througlopivork 6. APPLICATIONS
Queue as the number of workers increase, it still outpersdooth
Condor and Hadoop by a factor of 10 for 1MB files.

As the size of the files increases, the gap closes. The caching
that both Local (in memory) and Work Queue (both on disk and
in memory on the remote node) can perform in the case of Fan-
Out allows them to remain dominant across all worker numbers
but in the case of Map, where each file must be loaded from disk
or transferred fresh across the network, both Condor andéiad
begin to catch up. At filesizes around 16MB Condor consiltent
achieves better performance than Hadoop, which is expgited run various data analysis jobs
Condor's sub_stantially better job throughput for indepemirjobs. The first implementation ofl Biocompute ran only BLAST [3]
e e e e ot heae 22512 8% 0l using cusondesigned st to pariion h Gt
bers of workers, Condor still outperforms Hadoop in termslatia itto alimited n.u.mber .Of execution nodes, and thep gxecdﬂsqm
throughput tho{Jgh it plateaus atparound 35 MB/S likely thithe each data partitions via Condor. Unfortunately, this fingpiemen-

P .  lIKely tation was complex to implement, difficult to modify, and yéail-
network bandwidth. In contrast Hadoop continues to improve ure prone because of the large number of parts that intetbizka
inen the pﬁrformanciedtrerlld Hadfc;opl beg?/\r; toh sr;cf)wogjvedwere complex way. The second implementation of Biocompute $witic
curious to see how it scaled to larger filesizes. We therefeoide : o
o run the additional tesSanOut(128, 64, 0, 128MB /1GB) and to Makeflow to express these workloads, which dramaticaity s

plified the implementation, leaving the data managementauitl
hMo&\l/S i(tlizéfg%ﬁ?éé%MB/lGB) on both Hadoop and Condor to see tolerance aspects to makeflow itself. Once this switch wadema

became easy to implementation more complicated workflows ha
nessing tools such as SHRiIMP, SSAHA, SNPexp without devel-

Makeflow is available as an open source project, and has a grow
ing community of users building scalable applications ifdesuch
as bioinformatics, image procesing, data mining, and nubdecy-
namics. In this section we will give some examples of novigti
makeflows and our experience in executing them at large.scale

An early adopter of Makeflow was Biocompute [7], which is
a bioinformatics data analysis facility at the UniversitlyNotre
Dame. Users interact with the system via a web portal to selec
various applications, choose parameters and input files,tlen

Map with 64 Workers oping dedicated tools for each. The infrastructure for sitifmg,
100 . running, monitoring and reporting the status of each job lsan
CLOétal _—:— maintained independently of the workflows themselves, awl n
80 | WoerolTel?é . types of workflows can be introduced by merely setting up &rin
face page and writing a module to generate the necessarylowrk

Hadoop -
Figure 11 shows a selection of these applications.
BLAST (Fig 11a). The primary use of Biocompute is to allow
users to run their BLAST jobs against large reference daeba
a reasonable amount of time. Most attempts to parallelizABL
take one of two approaches. The first approach, taken most fa-
mously by mpiBLAST [10], is to segment the database and run
the entire set of query sequences against each segmentah par
lel. The second approach, used by AzureBLAST [20] amongst ot
M 16M 32M 64M128M 16 ers, is to distribute multiple copies of the reference dasals) and
Size of Files (B) split up the set of query sequences, running each query segue
against the entire reference database in parallel. Bioatertpkes
Hadoop’s performance increases as the file size gets langiér u  the second approach, relying on prestaged reference dasfar

Data Throughput (MB/s)

it begins to plateau around 1GB files. In contrast, Condontaais performance reasons but allowing any of the underlyingesgst
stable at about 35 MB/sec. This difference is not reallyitaitable supported by Makeflow to run the jobs.

to the locality aspects of Hadoop, as only the first portiorihef EST Pipeling(Fig 11b) One of Makeflow's major advantages is
file is guaranteed to be stored on the same machine. Instéad, i thatitis easy to use by researchers who are experts in a fiedd o
likely that the higher-speed network and limited networkges- than distributed systems. One example of this is the workedon

tion present in the Hadoop cluster allows higher speed filestier by Thrasher, et al. [30] in developing a pipeline for the gai of
between the nodes than Condor achieves across a campuskietwo Expressed Sequence Tags, or ESTs.

The results on the HPC also demonstrate the dominance df shor The EST pipeline was originally developed as a series of Ruby
submission times with low file sizes. Even when compared to scripts, each of which had multiple dependencies on Rulbgriigs
SGE, which can fetch all of the files in parallel from the sldare  both public (but not usually installed) and custom-buileTpipeline
filesystem, Work Queue still manages to perform the best ®f th had been designed to be run by hand on a single machine which wa



(a) BLAST Diagram

(b) EST Diagram

(c) SNPExp Diagram

Figure 11: Biocompute Workflows

set up with all of the relevant dependancies. Makeflow, withow
barrier to usage and easy dependency tracking, was abl@laitex
the fair amount of natural parallelism within the EST pipeli as
well as provide a scalable solution portable between thed@on
SGE, and Work-Queue based systems available at Notre Dame.

The EST Pipeline workflow is fairly complicated and is actyal
generated by the Weaver workflow compiler [6]. The workflow
consists of a pair of fan-out patterns, one of which is mapped
another set of intermediate files, and then combined witlotitput
of the other into a single fan-in. The output from that operats
then run through a few more transformations before beingtethi
as the EST comparison results.

SNP Exploration(Fig 11c). Another example of a bioinformat-
ics analysis pipeline made easily distributable by Makefiowhe
SNP Exploration (SNPExp) pipeline. SNPExp was developed to
help researchers identify interesting regions of assetinipfmomes
through analysis of Single Nucleotide Polymorphisms, oPSN

The SNPEXxp pipeline starts by taking the user’s job spetifica
and input files and running them through the SAMtools biainfo
matics analysis package to create the files necessary fantdg-
sis step. The data is then broken up and sent out to be andlyzed
the same SAMtools package in small chunks. Then the regelts a
parsed and collated into a report returned to the researdhach
of the complexity in the pipeline comes from the preparatteps
necessary to massage the input data into a format readaltle by
analysis package, which were automated by Makeflow rattzer th
requiring the user to perform them by hand.

The SNPExp is a good example of how Makeflow can allow re-
searchers to rapidly prototype complicated workflows fdrisg
intermediate-sized problems. The SNPExp pipeline is of dano
ate size, small enough that it could theoretically be run simgle
core in a manageable amount of time, but large enough that eac
test run could take an hour or longer. By using Makeflow to eitpl
the nascent parallelism, this turnaround time was reducedin-
utes, allowing the researcher to quickly test and refine yistesn
without having to worry about most of the complications irspd
by distributed systems.

6.1 Real Performance

While Makeflow’s simplicity makes it useful as a prototyping
tool or a mechanism for domain scientists to write their ovisy d
tributed applications, it is also useful for running largeriflows
in an efficient manner. Regularly, Makeflows will run harriegs
hundreds or thousands of workers to process hundreds digiem
of image, video, and/or genomic data in support of biomstres
search, bioinformatics research, and more. Some of the more
treme examples of these workflows can be seen in Figure 12.

The ND BXGrid repository generates a lot of Makeflow-managed
traffic on the campus grid. The workflow in Figure 12a représen
a subset of the daily transcoding workflows BXGrid requir€se
BXGrid workflows are large, independent map operations tvhic
take full-sized images as inputs and generate thumbndiks given
example shows the smooth performance of a large workflowrunde
optimal conditions running on a large portion of the camprig.g

For practical reasons, the BLAST workflows are constraingd b
the number of nodes we have preinstalled the large BLAS Thdatzs
on. This limits the number of workers potentially availabdeany
BLAST makeflows but prevents the campus network and storage
systems from being overwhelmed. This also means that thedar
BLAST workflows can run for days or even weeks, as is the case in
Figure 12b. This also means that large BLASTSs are subjecgisto s
tem disturbances. Figure 12b provides a good example, as@ro
days 4, 8, 12, and 16 the system hiccups and the number of work-
ers running drops to zero. Makeflow recovers from these gdisru
tions, returns quickly to full operating capacity and coetpk the
job without losing much, if any, work.

Figure 12c provides a good example of a workflow taxing the
boundaries of the systems we have available. The EST péelin
shows a reasonable queueing period before jumping to wel ov
2000 concurrently running jobs, a number that slowly degsaats
the remaining work in the queue is exhausted. The EST Pimelin
by harnessing an extreme amount of parallelism, managesnte c
plete within an hour, and avoids any system failures.

7. RELATED WORK

Stu Feldman presented the original Make [13] as a means for
maintaining dependencies in compilation. In the yearsesitieere
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have been many variations on Make that expfaitallel comput-
ing systems which assume a fault-free environment and aaglob
filesystem namespace, which is required for the traditidhake
semantics. For example, Amoeba pmake [5] made minimal modifi
cations to make to allow jobs to be distributed across an Ara¢21]
cluster, relying on the central fileserver for a common ngraes.
ISIS pmake [24] took the unusual approach of forking commsand
for all rules simultaneously, relying on a object space Emio
Linda [2] to block rules whose dependencies were not yessati
fied. PGMAKE [4] employed PVM to fork processes on a large

if the jobs have side effects that are reflected in some exiteler
vice such as a database or a physical actuator. Anotheritgshn
is transparent result caching [32], in which the actual depeacies

of a program are observed by interposition on file operatiditiss

is useful for accelerating the performance of a repeatechagtdy
uniform job, but offers no assistance in resource manageen
the first execution of a workflow. In a cloud environment where
data movement has real costs, we believe that explicitratieof
dependencies is of greater utility.

In recent years, cloud computing systems have emphasieed th
Map-Reduce programming model, popularized by Google [idl] a
the Hadoop [17] open source implementation of the same .ideas
Map-Reduce is, by design, less flexible than a generalizaghgr
programming model, but this makes it much more tractablelges
problems of data partitioning, data locality, and faultetaince.
The concept of Map-Reduce is portable to other architestsueh
as multicore [25] and graphics processors [18]. Systemb asc
Dryad [19] and Sphere [16] provide a more generalized graph p
cessing model than Map-Reduce, but also focus on the stolage
ter architecture.

It is common to view Map-Reduce programs from the perspec-
tive of query processing. A number of small domain specific la
guages have been created to simplify multiple invocatidndap-
Reduce for this purpose. For example, Pig [23] consists efias
of simple query-like operators that are all implementedalis o
Map-Reduce. Cascading [8] is a similar idea, but is ablepelpie
multiple operations together for higher efficiency. Hivd[8ayers
a table structure on top of files within Hadoop, and then agpli
Map-Reduce programs to implement a query language.

8. CONCLUSIONS

Makeflow. Many common problems in science and industry can
be easily expressed as a graph of small sequential programs e
hibiting a high degree of natural parallelism. These canumean
a variety of dedicated systems, but each requires the uswavi®
some expertise with a custom language and runtime systeis. Th
makes it difficult for users to learn new systems, limiting tte-
sources available to them.

To solve this problem we have introduced Makeflow, a fault
tolerant workflow manager based on the traditional Unix Make
Makeflow uses Make syntax, modified only by requiring explici
data dependencies, to describe workflows. Makeflow pro\bdés
portability amongst many execution systems and a languhgsev
basic syntax is already well known to most potential users.v&V
shown many examples of complex workflows developed by users
expert in their field but novices in distributed programmimgth
performance comparable to custom-designed distributiedicos.

Workbench. Makeflow’s inherent portability has also made it
easy to run the same workflow on each of the supported systems
which prompted our introduction of Workbench. Workbenctais

cluster, and NFS to provide access to data files. The SGE batchworkflow benchmark suite whose purpose is to measure therperf

system provides gmake [14], which dispatches each rule 8&&h
job, again relying on a shared filesystem. GXP make [26] uses t
standard GNU make [13], but interposes on StELL variable
to dispatch commands to various remote filesystems, relging
shared filesystem for data access. Makeflow builds upon tug b
of work by showing how a slight twist to the semantics allowkda
to function correctly on fault-prone, shared-nothing igtted sys-
tems constructed from clusters, clouds, and grids.

Explicit statement of dependencies is not the only way ofagan
ing workflows. DAGMan [9], the workflow engine provided with
Condor [29], states the control dependencies between faitsh
and has no direct information about data needs. This candfalus

mance characteristics of common workflow patterns on a tyaoie
systems. When running Workbench we observed that workflows
with small files are most affected by dispatch latency rathan
data throughput. We also noticed that asynchronous filesfiean
provides the greatest benefit to workflows with large filesiaad
large numbers of workers, but that for low-data jobs theasfiruc-
ture necessary to run the job slows dispatch to the pointcfaiag
performance. Workbench is also useful for characterizivgper-
formance of new systems and highlighting unexpectedly gurod
bad performance in specific cases for individual systems.

Future Work There are a variety of directions we can take this
work. Makeflow's knowledge about the data dependencies of a



workflow offers many exciting opportunities to optimize exéon.
Data-local computation, resource management, and graggnde
position are three areas we've already begun investigating
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