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Abstract. In the next ve years, the number of processors in high-end
systems for scientic computing is expected to rise to tens and even
hundreds of thousands. For example, the IBM Blue Gene/L can h ave up
to 128,000 processors and the delivery of the rst system is scheduled
for 2005. Existing de ciencies in scalability and fault-to lerance of scien-
ti c applications need to be addressed soon. If the number of processors
grows by a magnitude and e ciency drops by a magnitude, the ov erall
e ective computing performance stays the same. Furthermor e, the mean
time to interrupt of high-end computer systems decreases with scale and
complexity. In a 100,000-processor system, failures may ocur every cou-
ple of minutes and traditional checkpointing may no longer b e feasible.
With this paper, we summarize our recent research in super-scalable
algorithms for computing on 100,000 processors. We introduce the al-
gorithm properties of scale invariance and natural fault to lerance, and
discuss how they can be applied to two di erent classes of algorithms. We
also describe a super-scalable diskless checkpointing alyrithm for prob-
lems that can't be transformed into a super-scalable variant, or where
other solutions are more e cient. Finally, a 100,000-proce ssor simulator
is presented as a platform for testing and experimentation.

1 Introduction

Today's top supercomputers are able to deliver several ten®f TeraFLOPS of
sustained performance for computational scienti ¢ reseath in areas like climate
modeling, fusion energy and nanotechnology. If the steadynicrease in computing
power stays on the track of Moore's Law, by 2010 the largest quercomputers
in the world will be in the PetaFLOPS range. This trend is not solely based on
improvements of individual processors, but also aided by esr-increasing paral-
lelism. Currently, these systems scale for up to 10,000 pre@ssors. In the next ve
years the number of processors is expected to rise to tens areven hundreds of
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thousands. For example, the IBM Blue Gene/L [1, 2] will have up to 128,000 low-
powered processors shipped in densely populated compute d@s. The rst Blue

Gene/L system will be delivered in 2005. A prototype at IBM recently achieved
a maximal LINPACK performance of 70 TeraFLOPS and currently holds the
top spot in the Top 500 list of supercomputers.

Experiences with existing 10,000-processor machines shdtat the e ciency
of scienti ¢ applications can be as low as 1%, which is equald fully utilizing
only 100 processors. Amdahl's Law shows how e ciency can drip o as the num-
ber of processors increases. If the number of processors gby a magnitude
and e ciency drops by a magnitude, the overall e ective computing performance
stays the same. Furthermore, the mean time to interrupt (MTT |) decreases with
system scale and complexity. While reliability of individual components, such as
network and storage, can be improved by redundancy, the numer of system
software issues increases due to complexity. Some of todaymajor supercom-
puting centers have already scheduled downtimes and unscHaled outages about
every 40 hours. In a 100,000-processor machine, such systémterrupts may oc-
cur as often as every couple of minutes. Network bottlenecksind latencies will
make frequent coordinated checkpointing (once every hourpf applications, for
fault-tolerance, almost impossible. Even with traditional checkpointing, it does
not make sense to restart 99,999 processors because oneefdilFinally, at some
point the MTTI is going to exceed the time to restart.

In this paper, we summarize our recent research in super-stable algorithms
for high-end scientic computing on extreme-scale systemswith 100,000 pro-
cessors. First, we introduce the algorithmic properties ofscale invariance and
natural fault tolerance, and then we discuss how they can be applied to two
di erent classes of algorithms. We also describe a super-atable diskless check-
pointing algorithm for problems that cannot be transformed into a super-scalable
variant, or where other solutions are more e cient. We continue with a short
description of our e orts in developing a 100,000-processcsimulator as a plat-
form for testing and experimentation. Finally, we close with a brief summary of
the work and possible future directions.

2 Super-Scalable Algorithms

High-end computing on 100,000-processor systems requirksmdamental rethink-
ing of how algorithms can e ciently utilize such an enormous amount of proces-
sors. There are two major issues that need to be consideredhE rstis Amdahl's
Law, and the need to reduce the serial fraction to a point whee reasonable ef-
ciency can be achieved. The second is the high probability 6failures, and the
need to survive in a way that does not involve global operatims. In order to
address these problems, we have established a foundationrfa new class of al-
gorithms called super-scalable algorithms[3] that have the properties of scale
invariance and natural fault tolerance.

Scale invariance means that the individual tasks in a largemparallel job have
a xed maximum number of other tasks they communicate with, independent of



the total number in the application. For example, a nite di erence algorithm has
a constant number of neighbor tasks de ned by its stencil, whch is independent
of the total number of tasks in the problem. Another example i a binary tree
communication infrastructure, where each node is only conacted to three other
nodes. With scale invariance, individual tasks do not have b be concerned about
failures throughout the system unless these failures happeto a ect one of their
neighbors. Conversely, dynamically adding replacement oadditional tasks can
be ignored by tasks not communicating with these new tasks.

However, scale invariance alone does not guarantee high eiency of applica-
tions on 100,000-processor computing systems. The seriakttion of a parallel
algorithm does not solely depend on the communication footgnt, but also on
hardware factors, such as I/O latencies and cache misses, @hcan quickly drive
e ciency down even if the best-known algorithms are being usd.

Scale invariance does not provide fault tolerance, but it eables isolation of
the failure. However, most parallel algorithms designed talay will deadlock, or
worse, calculate the wrong answer, if one or more tasks faikault tolerance needs
to be handled locally by \self-healing" or natural fault tol erance.

Natural fault tolerance is the ability to tolerate failures through the math-
ematical properties of the algorithm itself, without requiring noti cation or re-
covery. It is not that the calculations are taken over by other tasks, but rather
that the nature of the algorithm includes natural compensation for the lost in-
formation. For example, an iterative algorithm may require more iterations to
converge, but it still converges despite lost information #].

The maximum number of tasks that can fail, yet still obtain th e correct
answer, is problem dependent and still an open research quim. We assume
that the actual number of tasks lost during an application run will be a small
fraction of the overall number of tasks. We based our reseatcon the assumption
that up to 100 out of 100,000 tasks may fail, which is only 0.1%However, the
time-to-solution increases dramatically when using tradtional checkpointing or
message logging schemes due to the large amount of processamvolved and
the centralized nature of existing solutions. We discuss a ger-to-peer diskless
checkpointing alternative later in this paper.

Scale invariance and natural fault tolerance are rather resictive require-
ments on algorithms, and when we began our research it was natlear that
anything other than the most trivial applications, using th e bag-of-tasks pro-
gramming paradigm, would be able to meet these de nitions. &ich applications
are (to a certain extend) scale invariant, because each taskommunicates only
to send back its answer. They have fault tolerance, becausesks are farmed out
and can be easily replaced. Task farming with on-the- y faut tolerance by task
replacement is a widely used technique today. Examples areESI@HOME [5]
and Condor [6, 7].

In the following sections, we will describe solutions for tvo di erent non-
trivial classes of super-scalable algorithms. The rst is vhere the problem can
be formulated as some function of a local volume, such as fornite di erence
and nite element applications. The second is where the prokem requires global



information, like in global minimum or maximum searches, that are often used
to determine if an iterative algorithm has converged.

2.1 Local Information

Parallel applications where individual tasks only require information from a lo-
cal region include nite dierence and nite element soluti ons to di erential
equations. We combined two ideas, chaotic relaxation [8, 9and meshless meth-
ods [10], to demonstrate that both super-scalable algoritm requirements, scale
invariance and natural fault tolerance, can be achieved.

In a meshless nite di erence algorithm with chaotic relaxation, each data
point in the solution space is assigned to an independent tasthat asynchronously
receives update messages from its neighbors, calculates ibwn value and sends
update messages back to its neighbors. The programming motés similar to
active messaging [11], but could be coded using PVM [12] or MFA13].

We use a coordinate in a virtual space to identify each task. This virtual space
may coincide with the solution space, for example in a 2-D Paison problem.
Based on the coordinate, we can form nearest neighbor as wels random peer-
to-peer networks to experiment with the algorithm. Each message contains the
sender coordinates, so that necessary metrics, such as disice, can be calculated
at runtime. Update messages additionally contain the valueof the sending task.
The update processing routine re ects the mathematical de nition of the task
and its relation to its neighboring tasks, which in the case & the 2-D Poisson
problem is an average of the surrounding values with a distace bias.

Early investigations in the 1970's showed that chaotic relxation has quite
restrictive convergence properties, which is the main ream why it never became
popular. However, for 100,000-processor systems it may bénte to once again
look at this iteration-free method. When failures and failure recovery are factored
into the solution time, chaotic relaxation has some attractive recovery properties.
The tasks that communicate with a failed task can do recoveryindependently
and locally. Furthermore, the information lost by a failed t ask does not need to
be recovered. The calculations can be formulated to proceeand converge to the
solution despite failures.

We experimented with super-scalable nite di erence algoiithms and ob-
served that simple problems, such as 2-D Poisson, convergeatbspite 100 ran-
dom failures across the machine. However, multiple failure of neighboring tasks,
similar to multi-processor node failures, could cause the reor of the solution to
be signi cantly higher. However, this can be avoided if the \irtual space is not
directly mapped to the physical location of processors. Futhermore, connecting
tasks randomly can decrease the overall convergence time.

We also experimented with asynchronous multi-grid variants based on the
above ideas and this approach also tolerated failures. Hower, a master that
controlled the \V" and \W" cycles was necessary, since the mahematical model
of chaotic relaxation between di erent levels is not yet wel understood at this
time.



2.2 Global Information

Parallel algorithms where individual tasks require global information include
global maximum searches, such as are often used to determirngan iterative
algorithm has converged. First, the global maximum needs tabe found among
the values of all tasks. Then this value needs to be broadcagb all other tasks.

This is a graph problem that can be solved by creating a logichinterconnect
topology with the property of high probability message delivery despite failures,
and that maintains e cient scale invariance to a low degree.

We conducted experiments with di erent network architectu res, such as near-
est neighbor, random, mesh and fully connected. We also impmented a broad-
cast algorithm. Both algorithms, global maximum search andbroadcast, worked
very well under various failure conditions.

A serious challenge for the global information algorithms,as well as for the
nite di erence, is algorithm termination. How does each ta sk know when the
complete system is stable and all tasks have the correct angx? Only the ob-
serving user knows that there are no messages on the networkymore and that
the system has converged. A global convergence test can selthis problem, but
it needs to be either super-scalable or occur very infrequély.

3 Peer-to-Peer Diskless Checkpointing

Problems that cannot be transformed into a super-scalable ariant, or where
other existing solutions are more e cient, still need to deal with the expected
MTTI of 100,000-processor systems.

To address this, we have developed a super-scalable repli@an technique
based on peer-to-peer diskless checkpointing [14], whiclgeips scienti ¢ appli-
cations with a self-healing capability for fault-tolerance. We assume that on Blue
Gene/L like systems local disk storage will no longer be avdable, due to the
associated costs, failure sensitivity and maintenance.

In peer-to-peer diskless checkpointing, every task replates its own local
application state to a set of neighboring tasks using an enating, such as RAID.
The neighbor tasks themselves also replicate their own lodaapplication state,
each to di erent sets of neighbor tasks. A scalable peer-tgeer infrastructure of
checkpointing tasks is formed with local separation of curent application state
and multiple redundant backups. The amount of additional information each
task needs to hold in its memory is dependent only on the encddg algorithm
and on the number of neighbors involved in the replication ofthe state of one
task, i.e. the system-wide degree of fault-tolerance.

The set of neighbor tasks may be derived from the network infastructure or
application algorithm. However, the probability of a failu re involving physical
neighbors, e.g. multi-processor node failures, may be gréa than the probabil-
ity of a failure involving a set of random or far away neighbors. The physical
neighborhood of a task may also change in the case of a restart

Synchronization of individual checkpoints is not necessar if tasks do not
communicate with each other at all or if they do not communicae between



synchronizing checkpoints. The traditional global snapstot method, using a bar-
rier, can be used to synchronously checkpoint all tasks at ote. Localized asyn-
chronous checkpointing requires additional message logyy to make sure that a
consistent application state is being saved. We discusseddsantages and disad-
vantages of both approaches in an earlier paper [14].

In the case of a failure, all surviving tasks roll back to ther last checkpoint
using a locally maintained copy or the remote backup in the neghboring tasks.
All failed tasks are replaced using their last checkpoint fom their neighboring
tasks. An area of future research would be to identify surviing tasks that do not
need to roll back if they are not directly dependent on the faled ones. Further-
more, a localized replay of the message log can eliminate thellback of surviving
tasks all together for a certain set of deterministic scientc applications. While
centralized and partially localized rollback strategies aad message log replay so-
lutions [15, 16] exist, they currently do not scale to 100,00 processors. Initial
work [17] has been done recently to address this issue.

Our experience with peer-to-peer diskless checkpointingh®ws that it can
provide super-scalable self-healing capability for algathms, such as FFT, where
every single task holds important information for calculating the correct result.
However, checkpointing and recovery scenarios can genelalbe very complex,
especially when using localized asynchronous mechanisnfaurthermore, an ap-
plication run still fails if the number of simultaneous fail ures of neighboring tasks
is greater than the system-wide degree of fault-tolerance.

4 100,000-Processor Simulator

While the theoretical analysis of super-scalable algoritins gave us some insight
into convergence properties and the probability of achieung the right answer,
there is a lot of practical analysis data that can only be acqured by testing the
algorithms using a variety of di erent failure situations.

A 100,000-processor machine was not available at the time dhis work, the
IBM Blue Gene/L still under development, and software emulation frameworks,
such Charm++ [18], did not reached the necessary scale. Thefore, we developed
a simulator (Figure 1) that is able to run hundreds of thousands of tasks and
supports rapid prototyping. It is designed to test algorithms at very high scale
and provide a platform to develop fault-tolerant applicati ons. It is instrumented
to mimic di erent failure modes, but it does not provide perf ormance estimates
or analysis of the applications for a particular machine arditecture.

The simulator can handle modules written in multiple languages and runs on
di erent operating systems, e.g. Linux and Windows. It is implemented in Java,
but also supports C and Fortran using the Java Native Interface. The number of
nodes that can be simulated depends on the size of the applittan being simu-
lated and the power of the hardware the simulator is running s. The simulator
is itself a parallel application and can run across a Linux clister. On a 2 GHz
Windows laptop we have simulated 10,000 nodes for a small afipation. Using a



Fig. 1. User Interface to the Simulator

32 processor, large-memory Linux cluster we have simulatelalf a million nodes
running the super-scalable algorithms described earliemi this paper.

The simulated network topology, such as nearest neighbor, ®sh, torus and
random, can be con gured before running an application. Thesimulator has a
number of built in failure modes that the user can specify. It allows the killing
of a selected node, block of nodes or a random percentage ofdes in a speci ed
region. The failures are interactively initiated, i.e. the user clicks on a node and
kills it, or selects a region and 1% of the nodes in this regiomlie.

5 Conclusions

In this paper we have summarized our recent research at the QaRidge National
Laboratory in super-scalable algorithms for high-end sciatic computing on
extreme-scale supercomputer systems with 100,000 process. We presented the
notion of a new class of algorithms calledsuper-scalable algorithmsthat have
the properties of scale invariance and natural fault tolerance. These properties
allow scienti c algorithms to scale to hundreds of thousands of processors, while
maintaining e ciency and fault-tolerance.

We described solutions for two classes of super-scalablegakithms. In the
rst, the problem can be formulated as some function of a locévolume, such as
for nite di erence applications. In the second, the problem requires global infor-
mation, like in global maximum searches. We also developed self-healing FFT
based on peer-to-peer diskless checkpointing. Finally, wdeveloped a software
simulator that is able to run an enormous number of tasks.



Future research needs to be conducted to further develop apppriate pro-
gramming models for 100,000-processor machines. Furthewore, scientists will
need to rethink the mathematical models used in today's appkations to better
support the development of super-scalable solutions basedn scale invariance
and natural fault tolerance.
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