THEORY AND PRACTICE OF DYNAMIC VOLTAGE/FREQUENCY
SCALING IN THE HIGH PERFORMANCE COMPUTING
ENVIRONMENT

by

Barry Louis Rountree

(& Creative Commons 3.0 Atrribution-Share Alike License

A Dissertation Submitted to the Faculty of the
DEPARTMENT OF COMPUTER SCIENCE

In Partial Fulfillment of the Requirements
For the Degree of

DOCTOR OF PHILOSOPHY
In the Graduate College

THE UNIVERSITY OF ARIZONA

2010



THE UNIVERSITY OF ARIZONA
GRADUATE COLLEGE

As members of the Dissertation Committee, we certify thahaee read the dissertation
prepared by Barry Louis Rountree

entitled Theory and Practice of Dynamic Voltage/FrequeBcaling in the High Perfor-
mance Computing Environment

and recommend that it be accepted as fulfilling the dissertaéquirement for the Degree
of Doctor of Philosophy.

Date: 15 Nov 2009

David K. Lowenthal

Date: 15 Nov 2009

Bronis R. de Supinski

Date: 15 Nov 2009

Shelby Funk

Date: 15 Nov 2009

John Hartman

Final approval and acceptance of this dissertation is ngatit upon the candidate’s sub-
mission of the final copies of the dissertation to the Grael@aillege.

| hereby certify that | have read this dissertation prepaneder my direction and recom-
mend that it be accepted as fulfilling the dissertation neent.

Date: 15 Nov 2009

Dissertation Director: David K. Lowenthal



STATEMENT BY AUTHOR

This dissertation has been submitted in partial fulfillmefimequirements for an advanced
degree at the University of Arizona and is deposited in thevésity Library to be made
available to borrowers under rules of the Library.

Brief quotations from this dissertation are allowable withspecial permission, provided
that accurate acknowledgment of source is made. This wdikeased under the Cre-
ative Commons Attribution-No Derivative Works 3.0 Unitethfgs License. To view a
copy of this license, visittp://creativecommons.org/licenses/by-nd/3.0duskend a let-
ter to Creative Commons, 171 Second Street, Suite 300, Sacisco, California, 94105,
USA.

SIGNED: Barry Louis Rountree


http://creativecommons.org/licenses/by-nd/3.0/us/

ACKNOWLEDGEMENTS

| would like to thank the members of my committee. I'm gratétuJohn Hartman and

Chris Gniady for helping out a new transfer student. ShelbgykEmade the original

suggestion to use linear programming and provided manyshoiusupport and encour-
agement while | mastered that technique. Nearly all of tleeaech presented in this
dissertation can be traced back to consequences of thaa sty

Bronis de Supiski gave me the opportunity to intern at Laweshivermore National
Library, then extended the intership, sat in on dozens ofezence calls, edited nearly
every draft that was sent out, and provided a necessarydeutsperspective.

| can’t recall the exact details of meeting David Lowentha the first time, but |
think | can reconstruct the essense. He probably said samgetinthe effect of “Hi, I'm
Dave,” and | almost certainly replied “No, you're wrong.”

I'd first like to thank Dave for putting up with me. I'd also kkto thank him for the
amount of freedom he gave me when it came to the scope of mgradsel’m told that
most doctoral students are given a tractable problem teswid a few possible paths to a
solution. Dave trusted me enough to give me a domain to woakéallowed me to pick
problems that he didn’t know how to solve, and continued ts@even after a few initial
false starts. Doing this allowed me to start thinking eartyatbout what made problems
interesting and what made solutions tractable. These areivial lessons and | can't say
that I've mastered them, but the fault there lies in the sttideot the teacher.

Dave also provided multiple opportunities to review mamiggs, and his careful at-
tention to my comments has both taught me how to read the itedHiterature as well
as how to be a thoughtful reviewer. He has read and rereag kuerof every draft I've
submitted for publication, sat through every practice talkd consistently pushed me to
set my own expectations higher. The process would certaiale been easier if he had
cared less, but then | wouldn’t be nearly as well-preparecbas.

In short, David Lowenthal didn’t do much except teach me howeiad, write and
think.

Thanks, Dave.

Finally, | would like to thank Joyce Rountree for looking efthe finances, Ange
Kahn for looking after the cats, and Robin Snyder for lookdfigr me.



TABLE OF CONTENTS

LISTOFFIGURES. . . . . . . . e e e, 8
LISTOFTABLES . . . . . . e e e e 9
ABSTRACT . . . . . 10
CHAPTER 1 INTRODUCTION. . . . . . . . . . .. 11
1.1 Motivation. . . . . . . . L 11
1.2 Contribution. . . . . . . . . 13
1.3 Outline of the Dissertation. . . . . . . . . .. .. ... ... ...... 14
CHAPTER 2 DYNAMIC VOLTAGE/FREQUENCY SCALING OVERVIEW. . 15
2.1 Mathematical Model and Experimental Observations . . . . . . . .. 15
2.2 DVFESinPractice. . . . . . . .. .. .. 17
2.3 Other Approaches to Using DVFSInHPC. . . . . . .. ... .. ... 17
2.4 OtherDomains. . . . . . . . . . . . e 19
CHAPTER 3 BOUNDING THE POTENTIAL ENERGY SAVINGS . . . . .. 20
3.1 ExecutionModel. . . . ... ... .. ... 21
3.2 Linear Programming Formulation . . . . . . ... .. ... ...... 25
3.3 Implementation. . . . . . ... 26
3.3.1 Tracecollection . . . . . .. ... ... L 27
3.3.2 Solutionvia linear programming. . . . . . .. ... .. .... 27
3.3.3 Taskbinding. . ... ... ... .. ... ... 28
3.34 \Validation. . . ... ... ... ... 28
3.35 Limitations. . . . . . .. ... 28
3.4 ExperimentalResults . . . . . .. ... ... L Lo 29
3.4.1 Experimental Methodology. . . . .. ... ... ........ 29
3.4.2 Applications . . . . . ... 30
3.5 RelatedWork. . . . . .. ... ... 35
3.6 Summaryand FutureWork . . . . . ... ... ... .. ... 37
CHAPTER 4 THEADAGIORUNTIME SYSTEM . . . . ... ... ...... 39
4.1 OVEIVIEW . . . . . o o e 41
4.1.1 Definitions and Basic Assumptions. . . . . . .. .. ... .. 41

4.1.2 Taxonomy . . . . . . . .. e e 42



TABLE OF CONTENTS- Continued

4.2 Adagio. . . . ... 45
4.2.1 Adagio Implementation. . . . . . ... .. ... L. 48
4.2.2 Optimizations . . . . . . . . ... 50
4.2.3 Large MessageHandling. . . . ... ... ... ........ 52

4.3 Results . . . . . . 52
4.3.1 Algorithms . . . . . . . .. ... .. 54
4.3.2 UMT2K. . . . 55
433 ParaDIiS . . .. . ... . 57
4.3.4 Summary of UMT2K and ParaDiSresults . . . . .. .. ... 59
4.3.5 NAS ParallelBenchmarks . . . .. ... ... ......... 60

4.4 RelatedWork. . . . . . . ... 63
4.4.1 Scheduled Communication. . . . . ... ... ......... 64
4.4.2 Scheduledlteration. . . . . .. .. ... ... ... ... 64
4.4.3 Scheduled Timeslice . . . . ... ... ... .. ........ 64
444 OtherRelatedWork. . . . . ... ... ... ... ....... 65

4.5 Summaryand FutureWork . . . . . ... ... L 66

CHAPTER5 ARCHITECTURALMODEL. . . ... ... ... ... ..... 67

5.1 Introduction. . . . . . . ... 67

5.2 OVEIVIEW . . . . . . e e 69

5.3 Evaluation of ExistingModels . . . . .. .. .. ... ... ...... 71
5.3.1 Existing Models and Implementations. . . . . ... ... ... 71
5.3.2 DisCuSSION. . . . . . . .. e 73
5.3.3 Limitations of currentmodels . . . .. . ... ... ...... 74

5.4 ArchitecturalModel . . . . .. ... 76
5.4.1 Assumptions, definitions and simplifications. . . . . . . . .. 76
5.4.2 In-Order ExecutionModel . . . . .. ... ... ... ..... 79
5.4.3 Out-of-Order, Single Read Execution Model. . . . . .. . .. 79
5.4.4 Multiple Read, Out-of-order Execution Model . . . . . .. .. 81
5.45 ThelLeading Loadlechnique . . . . . . .. ... ... ..... 83
5.4.6 Implementationlssues.. . . . . .. ... . ... ... ... .. 84

5.5 Evaluation of théeading Loaddechnique . . . . . .. ... ... ... 84
5.5.1 Experimental Setup. . . . ... .. .. ... .. ... ... . 85
55,2 DisCcusSION. . . . . . . ... e 86

56 RelatedWork. . . . . . . . ... 88

5.7 Conclusionsand FutureWork . . . . . ... ... ... ... .. 90



TABLE OF CONTENTS- Continued

CHAPTER 6 SUMMARY AND FUTUREWORK . . . . ... ... ...... 92
6.1 Summary. . . . . . .. 92
6.2 Futurework. . . . . . .. 93

6.2.1 Performance Prediction. . . . . . .. .. ... ... ...... 93
6.2.2 Userand CompilerGuidance . . .. ... ... ........ 94
6.2.3 DVFS, Overclocking and Multicore . . . . . . .. .. ... .. 95
6.2.4 AdoptionofPolicies. . . . . ... ... ... ... 95
97

REFERENCES. . . . . . . .



2.1

3.1
3.2
3.3
3.4
3.5
3.6

4.1
4.2
4.3
4.4
4.5

5.1
5.2
5.3

LIST OF FIGURES

Frequency vs. Power fortwo systems.. . . . . ... ... .. ..... 16
Sample program and resultingtask graph. . . . . . . ... ... ... 21
Jacobi withvarious algorithms. . . . . . . ... ... ... ...... 31
Parti cl e with various algorithms. . . . . . . ... .. ... ..... 31
UMT2K with various algorithms. . . . . . . . .. .. ... ... .... 32
LPSschedule used by each node 8 T2K, MHz on y-axis. . . . . . . 34
Commschedule on node 0 f&MT2K, MHz ony-axis.. . . .. .. ... 35
Typical SPMD Execution (left) and its task graph (right). . . . . . .. 41
Adagio algorithm with no optimizations.. . . . . .. .. .. ... ... 47
Normalized time, energy, and power foMT2K. . . . . . ... .. ... 55
Normalized time, energy, and power fearaDIS . . . . . ... .. ... 58
Normalized time, energy, and power for load-balarféadDiS . . . . . 58
Regression over “outstanding read” cycles per cycleQRP. . . . . . . 75
Interval Models: Three architectures and CPU frequemnci . . . . . . . 80
Simulated performance of RMI (gray) and Leading Loadiscly. . . . . 87



3.1
3.2
3.3

4.1
4.2
4.3

5.1
5.2

LIST OF TABLES

Key variables used in executionmodel.. . . . . . ... ... ... .. 23
Measured power per frequency foMT2K. . . . . . . . . ... ... .. 27
Scheduled seconds perfrequency.. . . . . . . ... .. ... ... .. 33
Comparison of near-optimal offline scheduling to rustiohasses.. . . . 43
Variables used withiAdagioand their purpose. . . . . . . .. .. ... 46
Normalized Time and Energy for the NAS Parallel Benchkwar. . . . . 61
Evaluation of Existing Models on the Core2 Architecture . . . . . . . 73

Evaluation ofeading loadsusing PTLSIm . . . . . ... ... ... .. 86



10

ABSTRACT

This dissertation provides a comprehensive overview oftlie®ry and practice oDy-
namic Voltage/Frequency Scalif®VFS) in theHigh Performance ComputingHPC)
environment. We summarize the overall problem as followsy lsan the same level of
computational performance be achieved using less elatpmwver? Equivalently, how
can computational performance be increased using the saimerd of electrical power?
In this dissertation we present performance and architeanuodels of DVFS as well
as theAdagioruntime system. The performance model recasts the quessi@am op-
timization problem that we solve using linear programmitigjs establishing a bound
on potential energy savings. The architectural model plesa low-level explanation of
how memory bus and CPU clock frequencies interact to deterexecution time. Using
insights provided from these models, we have designed apl@mented thé&dagiorun-
time system. This system realizes near-optimal energyhgawn real-world scientific
applications without the use of training runs or source coaelification, and under the
constraint that only negligible delay will be tolerated g tuser. This work has opened

up several new avenues of research, and we conclude by estimgehese.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

In 2002, Japan’'&€arth SimulatorsupercomputerAntony et al, 200§ went online and
became the fastest supercomputer in the top500.0rg rasdogngarra et al.2009. This
architecture depended on 5120 specialized processorseguited 6.4MW of system
power. While the raw performance was impressive, this &chire generated only 5.6
FLOPS per watt (FpW)Reng and Cameror2010 and ultimately proved to be a dead
end in HPC architecture.

In 2004, the Earth Simulator was replaced at the top of thkimgs by Lawrence Liv-
ermore’sBlue Gene/l{Gara et al.2005 supercomputer. Inits current form, 212,992 pro-
cessor cores require only 2.3MW of system power, produce2Z05pW, and are roughly
13 times more powerful than the Earth Simulator in terms tdltsystem performance.

The reason for this dramatic change in architecture anckase in performance can
be traced in part to the physics of CPUs. The performance &f-6B6und computation
is dominated by the clock frequency, and a linear increasgoick frequency, all other
things being equal, requires a quadratic increase in paWbile the Earth Simulator was
considered to be a massively parallel architecture, thie diuits processing power arose
from a relatively small number of relatively fast processolhe quadratic relationship
between power and processor performance ensured dimmgiséiurns for a strategy of
increasing individual CPU performance.

The Blue Gene architecture took the opposite approachrehetedindividual CPU
performance, spending the power budget on hundreds of @nalgsof low-power pro-
cessors. The current number two machine in the Top500 hstRbadrunnersystem
at Los Alamos) is even more efficient than Blue Gene/L, witH.®FS per Watt rating
of 458.33 and 2.5MW total system power. Yet the top system Jdguar supercom-
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puter Alam et al, 2007 at Oak Ridge, is only slightly slower than Roadrunner, much
less efficient (152.36 FpW), and uses far more total systamep(/.0MW). While this is
still a substantial improvement over the efficiency of Berth Simulator if low-voltage
CPUs have proven to be so effective, why are machines sucgasuistill being built?

Jaguar and Blue Gene/L are not so much two distinct classegstéms as they are
points on a continuum. Consider two clusters with identacahponents, except the pro-
cessors on the first cluster have twice the CPU clock frequehthe second, and the
second has twice as many processors. For some instancesvairyabound programs
the decrease in CPU clock frequency will have a relativelglsimpact on performance,
and the large-node-count approach will provide highergretince. Working against this
gain in efficiency is the increased time spent communicdigtgveen processors for non-
point-to-point communication and the increased numbeioaimunication calls needed
due to each processor having a smaller amount of RAM. If ladzhiance is introduced,
the balance may decisively shift in favor of the machine idtlver, faster nodes, as per-
formance will be limited by the capabilities of a subset ofles.

DVFES allows a cluster to occupy a segment of this continuutimerathan a single
point. At a coarse level of control, a larger number of slomedes may be used for
programs that can take advantage of this configuration enhgmaller number of faster
nodes can be used when individual CPU speed dominates exetiote. This approach
may be considerestaticvoltage/frequency scaling. Our work focuses on how to ahie
the best of both worlddynamically nodes that are determined to be on the critical path of
execution use the fastest available CPU clock frequenag, dptimizing execution time.
Nodes that are off the critical path execute using slower @RIdk frequencies, thus
optimizing energy savings. The overall savings in energluce the overall cost of the
system, which in turn can lead to either cheaper systemsdoem level of performance
or faster systems for a given level of cost.

The savings is not due only to reducing the monetary costetftetity used at the
processor. Follow-on effects are also significant. Wattssamed by the CPU are con-
verted to waste heat, and the removal of this heat from thesysequires still more watts

to be expended by the cooling system. The increased heaadss component density
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and increases the footprint of the entire system. Increasatl also leads to shortened
component lifetime and thus a decrease in mean time betvedlenef Making proces-
sors more energy-efficient leads not only to more cores, louemeliable cores using less

cooling while packed into a smaller space

1.2 Contribution

The contributions of this dissertation are novel perform@aand architectural models of
DVFS and their synthesis in an implemented runtime system.

Significant previous research exists that investigates tmvpredict the effects
of DVFS on execution timeGe et al, 2005 Lee et al, 2007 Snowdon et aJ. 2005
Freeh et al.2005. The standard approach relies on finding a correlation éetva set of
hardware performance monitors (HPMs) and change in pegono®, then using a linear
regression over this set to predict future performance.|&this approach can lead to low
median error, the error is sensitive to how well benchmasexufor training mimic the
behavior of the programs to be predicted. This approachdiss not provide any guid-
ance as to why outliers exist or under what conditions theessgon would be expected
to perform poorly.

To address these issues, we create an architectural moithel imiterface between the
CPU and memory. We use this model to explain why HPMs usederb#st existing
models still have measurable error. We derive a techniqggedan our model that will
allow performance across DVFS to be predicted directly authuse of regression and
show a significant improvement in prediction based on resuilitained from a cycle-
accurate processor simulation.

Prior to this work, a consensus existed that DVFS could bé tisesave energy in
the HPC environment, but no models existed that boundedpakesavings. Different
techniques could be compared against each other, but tferditile sense of how close
these solutions came to an ideal solution. By casting thilgnas first in terms of graph
theory and then as an optimization problem, our performanadel places a tight bound
on the amount of potential energy savings.
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We have distilled this theoretical work infedagiq a runtime system that uses DVFS
to save power for parallel scientific applications. At ram#i, Adagiodetermines which
compute cores are off the critical path and when, and sloesetlcores to the point where
they join the critical path. Computation on the critical lp& not slowed, and slowdown
caused by the system is due only to the overhead of execAitlagia The performance
and prediction models used ikdagioare direct descendants of earlier versions of the
above theoretical work.

1.3 Outline of the Dissertation

Chapter 2 provides an overview of how DVFS works and how itheen applied in HPC
and other domains. Chapter 3 covers the performance modéltasolve the bounding
problem, Chapter 4 explains tiaagioruntime system. Chapter 5 details the work on

performance prediction Conclusions and future work cosgahapter 6.
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CHAPTER 2

DYNAMIC VOLTAGE/FREQUENCY SCALING OVERVIEW

This chapter provides a mathematical description of how BWForks and places the

technique in a larger context of saving power in many variguthjgutational domains.

2.1 Mathematical Model and Experimental Observations

We describe the relationship between CPU clock frequermygep and energy using the
equations provided in the Intel optimization documentatfmtel, 2007). We let V,,

represent the supply voltage afidepresent the CPU clock frequency:

Power < fV3
1 1

Delay = — o« —
YT Va

Energy < V2,

A linear reduction in delay (by increasing the frequencyll wause a quadratic in-
crease in both power and energy. The utility of DVFS lies i@ tonverse of this state-
ment: a lineaincreasein delay will cause a quadrataecreasen the amount of power
and energy used. We can express the practical effect muoh smoply: it takes increas-
ingly more electricity to increase CPU clock frequency. sTban be seen in Figuzl
This measures total system energy of two nodes, the firsthasevo dual-core Opteron
265 processors, the other based on four quad-core Intel p&@f@ssors. All cores on
the node were executing spin loops, and power measuremengstaken over the range
of available frequencies. The dashed line indicates aidiagtapolation from the two
lowest frequencies. In the second graph, the meter used sasade only tot+-2 watts;

even so, the trend manifests itself given a large enougterahfyequencies.
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2.2 DVEFES in Practice

DVFS only affects dynamic power required for useful workddtes not affect the amount
of static power necessary to keep the processor in a povmrathte. Other components
may have other strategies for energy reduction, in somesdage¢he component being
eliminated altogether (e.g., disk drives are shared byraépeocessors). The focus of
our work is reducing total system energy, of which dynamiagessor energy remains a
significant portion.

For any given unit of computation, atkeal frequencyexists such that execution at the
ideal frequency will complete exactly at the time allotted computation. We make two
simplifying assumptions: the time alloted is at least sidfit for execution to complete
at the highest frequency without exceeding the deadling tlast the time alloted is not
so long that it is more efficient to run as fast as possible aed turn off the machine
until it is needed again. Given these assumptions, the foegiency is the most efficient
frequency to use. Because only a handful of frequencies sueally available, and it's
unlikely that the ideal frequency will be one of these. To kvaround this, we can ap-
proximate the ideal frequency by splitting the executioardwo neighboring frequencies
that bracket the ideal frequendgliihara and Yasuuyrd998.

Finally, as computation becomes more memory-bound, lowgahe CPU clock fre-
guency has less of an effect on performance. The bottlermegetformance in this case
has become the memory bus, and changing the CPU clock dodwmweta significant
impact on memory latency. We can take advantage of this loyvalh more aggressive

scheduling of slower frequencies and greater energy saving

2.3 Other Approaches to Using DVFS in HPC

Most early work in this area focused on the quadratic poa¢mbir power savings and
made the argument that a significant performance penaltyddmmiacceptable given suf-
ficient savings. This approach led to a debate on what métaald be used to capture
both delay and savings, with the consensus settling on sanegien of theenergy delay
product(Hsu et al, 2005.
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These metrics have not met with much acceptance in the widR Eommunity.
Supercomputers have a relatively short working lifetimd #mey are budgeted with the
assumption that enough work exists to fill that lifetime. Wlsaving energy is a laudable
goal, if significant delay accrues during the course of saeinergy, ultimately less work
will be done, the machine will be underutilized, and monel mave been wasted.

Subsequent research has taken this into account and egfigmas only negligible
delay will be toleratedRountree et al.2007) or allows the user to specify what delay

will be considered acceptabl&é¢ et al, 2007). We detail four broad approaches below.

Scheduled Communication MPI communication calls are rarely CPU-bound. If these
calls take significantly longer than the time required torgeathe CPU clock frequency,
energy can be saved with little to no delay by changing to weldrequency for the

duration of the communicatiolRpuntree et a] 2007

Scheduled Iteration Scientific kernels are often highly iterative. After idéyiing these
iteration boundaries, the CPU is slowed on cores where teaesignificant percentage
of slack or idle time. By observing per-core iteration executiandithe algorithm can

avoid slowing cores that execute computation on the clifiath (Freeh et al.20083.

Scheduled Timeslice By observing several timeslices in the immediate past, khe-a
rithm predicts the characteristics of the upcoming tineeshnd chooses the appropriate
CPU clock frequencyGe et al, 2007).

Offline Scheduling Using one or more training runs, a DVFS schedule is calcdlate
offline and used for subsequent executiBontree et al2007). This can be particularly
useful in embedded and real-time computing. Here, instéptbgram execution being a
unique event, programs are expected to loop continuouslyarreplicated across every
instance of a particular device (e.g., temperature sensbhe cost of scheduling can be

amortized over all execution on all devices, justifyingewveodest energy savings.
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2.4 Other Domains

DVFS first gained popularity in battery-powered devices rhaaximum computing ca-
pacity is only needed intermittently, and a lower CPU claelgtiency can be tolerated for
the remainder. For these kinds of consumer devices, resgons and quality-of-service
are more important metrics than time to completion of a palér task, and designers
expect that the device essentially will be idle most of theeti Real-time computing is a
domain that intersects this area and often has similar cterstics: raw speed is not the
metric of interest, there is usually a large portion of idfeg, and thus there is potential
energy savings to be had by slowing down the CPU.

In the HPC domain, these assumptions no longer hold. A sapwgruter is rarely
idle and the primary metric of success is time to completiimtake advantage of DVFS
under these constraints, we expltad imbalancewhere certain processors have less
work than others and thus accrue idle time. DVFS can be usé#uddrcase to schedule
execution at a lower CPU clock frequency without affectingrall execution time.

Saving energy has also become a concern for datacenters) i@ installations that
handle large databases and webservers. Workloads amctlfstim both supercomputing
and consumer domains: utilization is both highly varialsid &ighly cyclical, individual
jobs tend to be very short and to take few resources, and mxggpning is a common
strategy for handling peak loads. Performance is usuallgsmed by a combination of
execution time and responsiveness. Because jobs tend tadbpendent of other jobs
and can be migrated easily from one server to another, itssipte to craft scheduling
algorithms that have a very fine granularity of control. Th@nbination has focused
power research on how to power only those portions of thetetusecessary for ac-
ceptable quality of service as well as how to predict whenitemal resources will be
neededElnozahy et a].2002 Sharma et a]2003 Femal and Freel2005.
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CHAPTER 3

BOUNDING THE POTENTIAL ENERGY SAVINGS

In this chapter we show how to bound potential DVFS-basedggrgavings in parallel
message-passing programs. We transform the program iméph where nodes represent
work and edges represent dependences. We then transforgnagble into a linear pro-
gramming (LP) problem. The LP solution is the ideal CPU clvekjuency schedule for
the program, and measuring the energy used by this scherh&es the near-optimal
bound on energy.

Earlier approaches resulted in systems that producednggamounts of energy sav-
ings and execution delay. However, all of these systemsisitim a lack of knowledge
of (1) the maximum energy savings possible for a given timaydénit; and (2) a sched-
ule of frequencies that achieves that maximum. A systemdbatgrmines a bound on
energy savings and the associated schedule for any MPafiph supports assessment
of energy-reducing heuristics. Further, the scheduleiges/insight intchowto achieve
the energy savings. We present an LP system that finds a dehéat tightly bounds
the optimal solution for a given application and an alloveatine delay. Our LP sys-
tem exploitsslack—the difference between a processor’s deadline and whemshés its
work—Dby switching a processor with slack to a lower frequer@ur system is sophisti-
cated enough to handle the non-uniform mapping between @Rjuéncy and slowdown.

This chapter makes threentributions First, we develop a computationally tractable
method to bound energy savings, for any specified time deldaiiput programmer in-
volvement. Second, because we are looking at an entire garogun or iteration, we
optimize slack reclamation across all processors, takihg account both communica-
tion slack and memory pressure. Third, our energy boundggea tool with which to
evaluate practical run-time algorithms for HPC programs.

We apply our system to three programs: Jacobi iteratiortigh@arsimulation, and
UMT2K (Lawrence Livermore National Laboratqrg005. All programs have at least



21

Source,
— (J
—
2 0
)
: OO
[&]
o
a 1| & i |
| | | |
T| me [ Recv L1 Task ° e
I send — Comm.

Computation

SinkO

Figure 3.1: Sample program and resulting task graph.

ten thousand MPI communication events. Given zero allogvdblay, a likely goal for
HPC applications, our LP-based bounding technique shoatsathile the particle code
can save up to 15% enerdyMT2K can save only 3.3%.

We emphasize that the significance of this work does not liegéee individual values:
a 3.3% savings for an 8K-node cluster is far more intereshiag the same savings on a 8-
node cluster. Rather, our contribution is the ability tossletine the percentages. If a run-
time algorithm does not save as much energy as expected fotiaysar application, we
can now distinguish between a suboptimal algorithm and phagtion with no realizable
energy savings.

The rest of this chapter is organized as follows. We discussrecution model in
Section3.1 and the translation of our execution model to a linear pnognéng formu-
lation in Section3.2 Next, Sectior3.3 presents the implementation of our LP system.
Section3.4 discusses the measured results on a real power-scalabterclginally, Sec-
tion 3.5describes related work, and Secti®® summarizes and describes future work.

3.1 Execution Model

Our execution model is a distributed-memory multicompwaterwhich each processor
(node) executes a unique, predetermined set of tasks. Weedstfask as a region of
code between two communication points. Each task runs t@laion. The tasks are
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totally ordered on each processor, and MPI communicati@mtsvcan create intertask
dependencies across processors. Any remote communidsdtareen tasks (e.gsend
or receivg occurs either before or after the task. Fig@& (left) pictorially shows an
example program in our framework. The task boundaries, wbizcur at thesendand
receivecommands, are shown. The pictorial version of the prograntherieft side of
Figure 3.1 translates directly to the progratask graphon its right side. This graph
represents tasks by vertices and (communication) deperegely edges. It has a single
source vertex and a single sink vertex.

Some communication operations can be more difficult to matgdending on the im-
plementation of the communication library. For exampleniost MPI implementations,
somesendoperations can block; with large messadé®, _Send as well advPI _| send
(at the matchind\i t ) block until the destination node has arrived at the comasing
MPI _Recv or MPI _I r ecv. This requires an extra dependence (a two-way instead of
a one-way model). MPI collective communications are reanpnted using primitives.
For example, MPBarrier() has been transformed by our runtime library i@ tequisite
number of MPLISend() and MPRecv() calls.

Given a communication graph, the goal is to find both the tota and total energy.
Table3.1summarizes the key variables in the execution model. Wetdéghe start time
of taski asS; and the execution time of taglkasT;. All tasks that immediately precede
taski in the task graph are its predecessors, dendted;. For taskj in Pred;, M/ is the
time for the message to travel frojrto i. We assumeé// is zero ifi and; reside on the
same processor. A processor may commence execution of vs&n the predecessors
of ¢ in the task graph have completed and it has received its uhgtat from all (remote)
predecessors. Thus,

- T M
Si= max (5 +T; + Mf).

The source vertex has a start time of zero. The program cdagbehen the sink vertex
(which is instantaneous) has executed. Thus, total progpeaution timew, iS S,k
Using this information, we can determineby finding the longest path through the task
graph of the program.
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Variable Meaning
P Number of processors
T Set of all tasks
S; Taski start time
T; Task: total scheduled execution time
Cz-f Task: execution time if run at frequency
M/ Latency time for message from tagko task:
Pred,; Predecessors of task
F Set of all frequencies
of For a taski, fraction of task completed in frequengy
wi For a taski, power it consumes in frequengy
Wi Power consumed when idle
1 Total idle time (over entire task graph)
W Program execution time

Table 3.1: Key variables used in execution model.

To minimize energy, we must determine two additional faxtdfirst, we must de-
termine the execution time of each task if it were to run orgyng a single available
frequency. Forf € F, we denote’){ as the execution time for tagkf it were to run only
in frequencyf (we discuss how we determiri@’ in Section3.3). The fraction of task

completed at frequency is 6{ . We estimate execution time &s:

T, = > (/).
feF
Second, we find the total enerdy. To do this, we first denote the total system power
(in watts) that task consumes while executing in frequenﬁﬁsWif. Then, as energy is
the product of power and time, we can write the energy consllmyea task as:

E; = Z (szészsz)
feF

1This assumes that a task is homogeneous in terms of its fnegwdé memory access.
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Then, the total energy due to the computation of all tasks is:

Ec =Y (E;).
ieT
We denote the power consumed when a processor is idlig;aB8ecause the proces-
sors are either idling or executing a task, we can find thetidie by subtracting the sum
over all individual task execution times from the prograre@xtion time. The sum of the
task execution times is clearly,.+ 7;. Because we have P processors, each running for
a total ofw time (no processor can finish until all have finished), thaltetapsed time

over all processors i® - w. Thus, the total idle time is:

I=P w-— Z T;.
ieT
Since our experiments found that the system power while conmcating was much
closer to idle power than computing power we treat commuitinaas idle time. We
explored modeling communication with a fixed amount of (idie) time per byte, but
found that assuming instantaneous communication gaverbetults. We assume a
more complex communication model that handles the overwden communication

and computation will perform better. The total idle energgiven by
E; =Wil.
Finally, the total system energy is
E=FE-+ Ey.

Our work focuses on minimizing'.

This model ignores the cost of switching from one CPU freqyen another, because
including this cost requires integer linear programmindieTneasured switching time
on an Opteron 265 using theysf s interface is rather small, ranging from 32 to 850

microseconds depending in part on the frequencies used.
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3.2 Linear Programming Formulation

In this section we describe how we translate our executiodehioto a linear program-
ming formulation. The linear program takes as input botk tasl application constraints.
For each task we require dependency information and the pgeirements per fre-
guency. The single application constraint is overall exiecutime at the highest fre-
guency. The linear program then creates a schedule forsitdnat minimizes energy
consistent with the given constraints.

We minimize the objective function

E=WI+Y Y w/slc!
€T feF

subject to the following constraints:

e Start Time:No task can start before its predecessors complete, so ¢brtaaki
and every tasi € Pred;, we have:

Si—(S;+T;) =0

e Completion Time:All tasks must complete within the total execution time timi
(w), so:
w—(S+T) >0

¢ Idle Time: Since the LP would otherwise treat the energy consumpticdl|ivfy
processors as zero and produce an incorrect schedule, weacugint for their
energy use and explicitly include total idle time as a caxstr

Pw-YT=1I

i€T
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o Sufficient timeThe execution time of each tasknust be sufficient to complete all
of the work of the task using the frequencies selected. Weagiiee this using:

Sool=1

feF

The decision variables a@‘ and S; in this formulation. All decision variables are
constrained to be non-negative.

The most efficient execution will use at most two adjacengudencies for a given
deadline and set of fixed frequencies if the relation betw@eb frequency and voltage
is at least quadratidghihara and Yasuuyd 998. While this relation holds for CPU en-
ergy, it may not necessarily hold for total system energye @ahtivity of other system
components’ (e.g., fans) can result in a system power giagathid not strictly quadratic.
In this case, we have observed that the LP will still choosa@dt two frequencies, but

that they may not be adjacent.

3.3 Implementation

This section describes the implementation of our LP-basé@astructure that bounds
energy savings. It consists of a trace collection mecharasnb. P solver, and a run-time
mechanism to leverage slack that the LP solver cannot remBr@adly speaking, our
system determines a near-optimal energy savings usin@liog/ing procedure:

e First, run the program and generate a communication graph.

¢ Input the graph to the LP solver, which outputsearergy scheduleThis schedule
contains the CPU frequency (or frequencies) to be used thresk. It also ensures

that any remaining communication slack is executed at tvesbfrequency.

e Forvalidation, re-run the program using the energy scheednt measure execution

time and total system energy.
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CPU Frequency (MHz) 1800| 1600| 1400| 1200| 1000| 1000 (Idle)
Power (watts) 153 | 142 | 130 | 123 | 116 105

Table 3.2: Measured power per frequency EtvT2K.

3.3.1 Trace collection

First, we collect multiple traces by executing the applamatat each frequency avail-
able on the machine. At the fastest available frequency, seeaucustom PMPI library
that intercepts selected MPI calls to capture the local cameoation information: the
timestamp, source, and destination of each MPI call. Thisetis sufficient to determine
communication slack We run the program at the other fregesno order to obtain the
execution time of each task at each frequency (which givememsory slack informa-
tion) and the average power that an application consumexhtfeequency (power usage
varies by application). An example of power consumptionfpeguency fortUMT2K is
shown in Table8.2

We note that this does requil&| runs of the program. An alternative way to measure
slowdown in just a single execution is to compute temory pressuref each task in a
program—in other words, how much memory traffic it generataad map this to task
slowdown. While that is more efficient, our approach is mareusate for bounding the
gains available for on-line heuristic techniques. The reheinaccuracy of average power
computed over several microbenchmarks makes this meth&utable for this work.

3.3.2 Solution via linear programming

Next, our system combines the data into a single, systere-taisk graph, and the graph
is transformed into an LP matrix. The matrix, the total exemutime limit, and the time
for each task at each frequency are passed into the LP sglyak, the GNU Linear
Programming Kit Makhorin 2005. The solution to the linear program is converted into
a schedule, listing how long each task should run in eacluéeqgy so that system energy

iS minimized.
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3.3.3 Task binding

Our system input also includegask binding thresholdAny task that has a computation
time below this threshold is bound to the fastest frequefiéys mechanism avoids ex-
cessive frequency changes for tasks with little work. lbaseatly improves the running
time of the LP solver, which is a function of the non-boundktasunt. Currently we
have set this threshold to 10 ms; we have found that in pectitower threshold can
lead to an execution time increase due to too many changeBlhf@équency. Likewise,
assigning these tasks to the lowest frequency can causePtselizer to fail to converge

on a solution.

3.3.4 Validation

For validation, our system re-executes the program usi@egthedule and intercepts each
send receive wait, barrier, andallreducecall, changing the frequency as necessary. Our
system must regain control of the program without relyinghdAl invocations for any
task scheduled to use two frequencies. For these taskstwadiser to expire at the time

to change frequencies. The timer’s signal handler thengdmithe frequency based on

the schedule.

3.3.5 Limitations

Our current prototype has a few limitations; we note thahewéh these limitations, our
system produces schedules that result in a relatively bghnd. First, we do not instru-
ment the computation within the MPI library, treating thdientime spent in the MPI
library as communication. Second, in the case of the aspmcius communication oper-
ations we do not consider scalinPl Wi t . ScalingMPl Wi t operations that match
MPI _I send operations could cause an increase in execution time if tReiMplemen-
tation blocks until the matching receive is posted—turrasgnchronous communication
into synchronous communication. As our large-scale bereckyWMT2K, uses these op-
erations to send multi-megabyte messages, this is not gianleoretical issue. Finally,

we only instrument key MPI communication operations.
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3.4 Experimental Results

This section reports our performance results. We first glewur experimental method-

ology. Then, we provide results on three different appiara.

3.4.1 Experimental Methodology

For all experiments, we used a cluster of eight machined) eaataining two AMD
Opteron 265 dual-core processors. We used only one coreamreale, so we use the
terms interchangeably in this section. We chose OpenNikRé OpenMPI Team2010

as our MPI implementation. The machines are connected tgbgigthernet and have
2GB of RAM. The Opteron 265 supports CPU frequencies 1000 khirtrugh 1800 MHz

in steps of 200 MHz. All frequency shifting was done throulgbgysf s interface made
available by a modified Fedora Core 2 OS running the 2.6.16¢ekerAll applications
were compiled witlgcc using the O2 optimization flag, except fddMT2K, which was
compiled withi cc andi f or t . No other processes except for the usual daemons ran on
the system during our testing.

We measure execution time and energy consumed. Reportelisrage from the
experiment that produced the median energy over five rungciion time is elapsed
wall clock time. The energy consumed by the entire systemaasured by precision
multimeters at the wall outlet. We emphasize that we repioeict program executions
and measurements, not simulations or emulations. In additihe energy isotal system
energy not just CPU energy.

For each application, we compute a bound on energy savingg war linear-
programming technique described in the previous sectidesdted_PShere). We com-
pare our results to several other energy-saving approaches

The first, calledComm reduces the frequency while the processor is blocked at a
communication point. The secorllack collects theotal slack time over all nodes and
assigns a single (fixed) frequency to each node based onl#t#t sSlack is based on
Jitter (Kappiah et al.2005. The node with the least slack runs at the fastest frequency
and the other nodes are assigned a frequency intended tasavech energy as possible
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without a significant time delay. Thirdyreq, assigns each node a fixed frequency (e.qg.,
Freq, for the second-fastesEreq is fastest and is used as the baseline for normaliza-
tion). Finally, Theoretical Bounds an upper bound (buiotin general an achievable one).
We determine this bound with the LP solver, using two optiimi@gssumptions: switching
cost is zero and the MPI implementation does not block on ang speration. Whereas
LPSis conservative on operations suchvd® Wi t , Theoretical Bounds free to lower
the frequency aggressively .

We normalize all execution time and energy results to theheduled execution.
The unscheduled execution uses the stock OpenMPI librahynei communication calls
intercepted. For the energy results, a number below one snienscheduled version

saves energy.

3.4.2 Applications

This section describes our three test applications. Theiéirdacobj which is a PDE
solver and is a canonical benchmark. The second, deatdttle, is a particle simula-
tion based on MP3D from the Splash suigngh et al. 1991). The third iSUMT2K,
a photon transport code that operates on unstructured mdst@ the ASC Purple
suite Lawrence Livermore National Laboratqr3001).

Jacobiis load-balanced and is intended to verify that essentralgnergy savings are
available, while the latter two programs exhibit some degriedoad imbalance and hence
are amendable to saving energy.

We first considedacobi Figure3.2presents the results. Clearly, no energy savings are
available due to the balanced load, large computation toxoamcation ratio, and modest
demand on memory. Our bounding techniquies clearly shows this as expected.

Next, Figure3.3 shows thafParticle is amenable to saving energy. Specifically, our
bounding technique reports a 15% potential energy savintfout any time increase.
Inspection of the schedule generated revealed that theitobdlance was significant
enough to allow early-finishing nodes to execute in the sttvirequency (1000 MHz).
For theParticle program, theSlacktechnique performs very well; in fact, it saves the max-

imum amount of energy (15%), also without any significanttimcrease. This optimal
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UMT2K, various algorithms
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Figure 3.4:UMT2K with various algorithms.

result is because (by chance) the amount of slack availabiaoh node allows scaling
such that execution is nearly identical to the schedule rg¢ee byLPS In general, we
would expecSlackto perform well but not optimally. FinallyfCommsaves about half as
much energy aSlackand also has a 3% overhead to do so. Cle®dyticleis a program
where energy saving is available and relatively straigiatéod to achieve.

Finally, we studied a large-scale parallel prograshT2K. This program has been
categorized as load-imbalanceadetter and Yop 2002 and uses both MPI and OpenMP
(we disabled OpenMP for our tests). To cut down on machingejsae reduced the
number of iterations that the standastMT2K input file uses.

Figure3.4 presents the resulttPScomputes a bound of 3.3% energy savings, while
Theoretical Boundor this application is 5.4%LPSincurs a time delay of just under 1%,
which we believe is due to a combination of frequency switghime (not modeled by
the LP solver) along with the overhead to execute the sckedgain, we emphasize that
Theoretical Bounds an upper bound on energy savings that is not actually eabie,
i.e., the optimal energy savings ssnaller than Theoretical Bound Nevertheless, the
results show thdtPSresults in a reasonable bound—it generates a schedulesttlase

to Theoretical Boundn terms of energy savings.
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1800| 1600| 1400 | 1200| 1000 | Blocked
LP Solver Version| MHz | MHz | 1IMHz | MHz | MHz
Standard 381 | 35.3| 110 0 0 33.7
Worst Case 319 | 200 0 0 0 41.0
Theoretical Bound 324 | 47.6 | 119 | 13.7 | 32.1 23.6

Table 3.3: Scheduled seconds per frequency.

Unlike the Particle program, current energy-saving heuristics have troublth wi
UMT2K. First, Commprovides little energy savings, as for this application motthe
savings is in the computation, not at blocking points. ThHeesale provided by PSpro-
vides significant additional energy savings—2.1%, mora tiweo and half times that of
Comm The Slackalgorithm, which is so effective fdParticle, is completely ineffective
for UMT2K. Because it use®tal slack per node to arrive at a schedule, which provides
no guarantee that the time bound will be honor8ldhckdoes execute some nodes in lower
frequencies thabPS so it can conceivably save more energy for a given apptinati
but forUMT2K, it actually consumeshoreenergy because of the combination of the time
increase (which will usually occur witBlack andthe fine task granularity ddMT2K.
Slackworks on entire program iterations and so is too coarsaigchio handle programs
such asuUMT2K. Finally, using a fixed lower frequency takes more time, ggseeted.
More importantly, the energy consumption increases noantie choice of frequency.

Figure3.5, which shows thé&PSderived schedules, makes several things clear. First,
nodes 0, 1 and 2 have the most communication slack, whilesn5dé, and 7 have the
least. Second, while there are some similarities, the sdbsdre different on each node.
Finally, determining such a schedule (on each node) by rasiniply not feasible. As a
means for comparison, FiguBeshows the schedule on node 0 @wmm It is simpler—
it varies only between 1800 MHz (for computation) and 10002Mtthen blocked)—but
does not result in a program that is as energy-efficient asrtles that usePS

Next, we investigate the effects of memory slack. To meath@wéenprovement gained
by considering memory slack, we implemented an alternatsiore of our LP solver,
denotedWorst Case This version instruments the program in only the fastesjdency

and then assumes a worst-case slowdown for all other fregeenFor example, when
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Figure 3.6:Commschedule on node 0 faWMT2K, MHz on y-axis.

changing the frequency from 1800 Mhz to 1600 MHN¥orst Caseassumes that every
task slows down by a factor of 1.125300/1600).

The schedules for each version are shown in T8 For reference, the table also
shows the schedule fdheoretical Boundin UMT2K, the execution time of some tasks
slows down by less than the ratio of the frequencies, whishlte in theWorst Casd_P
solver generating a schedule that executes more in 1600 Mélleas in 1400 MHz. The
schedule when using/orst Caseesults in an increase in predicted energy consumption
of about 0.5%. We raMT2K using this schedule and found the actual energy increase
to be slightly greater than 1%.

3.5 Related Work

Several researchers have developed techniques and syetsave energy with a greater
or lesser increase in execution time. Cameron et@dnieron et al.2005 as well as
Hsu et al. Hsu and Feng2005 developed run-time systems to save energy given a user-
specified performance constraint . Kappi#appiah et al.2005 developed a heuristic
to reduce the CPU frequency in an adaptive manner to savegeiretoad-imbalanced
programs. Additionally, Springer et alSgpringer et al.2006 and Ge et al. Ge et al,
2007 developed analytic models to predict as well as to undedsté@ergy consumption
in the context of scaling programs to run on larger numbegzrotessors.

Our system differs from all of these in that we find a nearmtisolution in terms of
energy savings. That is, the schedules that our LP solvesrgess can act as a baseline

for comparison of the techniques described in the papergeabahich are “best-effort”



36

techniques. Furthermore, our system generates the actuzadsle that realizes the near-
optimal energy savings.

Many have addressed finding optimal energy savings withdumhea increase in the
real-time community. Wu et al. provide a taxonomy of dynarnottage and frequency
scaling: online vs. offline, and formal vs. ad hat et al, 20053. Our work falls into
the offline and formal categories. Two of three examplesidite Wu et al. are intended
for serial codes KHsu and Kremer2003 Lorch and Smith2001). The third example is
introduced by Xie, and is closest to our work. Xie's wodi€ et al, 2003 2005 20049
uses an ILP model to determine maximum energy savings onggeginocessor, devel-
ops a heuristic that approximates the ILP very well and runshfaster, and proposes
an analytic model that allows DVFS to be applied across sépgrograms. Our goals
and techniques are similar in that we both use mathematiodeis to bound the max-
imum energy savings. Our work, however, uses linear prograng in the distributed
computing domain, which introduces significant additiac@hplexity for the LP model.

Another axis of classification is serial vs. parallel vs.tidlgited. Wu'’s work covers
serial and core multiprocessdN( et al, 20053. The latter assumes that any processor
core can be assigned any task that is ready to run. Our dosalightly different in that
all tasks are assigned to specific processors at the stdme grogram.

Other researchersshihara and Yasuurd998 Swaminathan and Chakrabarg00Q
2001, Saputra et a).2002 have used Mixed Integer Linear Programming to solve the
DVFS scheduling problem. All have been for single processdhang et al. used an LP
approximation of an ILP solution for the parallel real-tidemain Zhang et al.2002).
This work was continued by Mochocki et aMchocki et al, 2002 2005 with an em-
phasis on accounting for frequency transition overheadiscoson-optimal distributed
real-time energy scheduling has been investigated by &t work on slack reclama-
tion, and Moncusi’s et al. work on hard real time end-to-eaddlines Zhu et al, 2003
Moncusi et al.2003.

Dramatic energy savings usually require the user to acaemedr execution times.
Both the amount of energy saved as well as the priorities efuber determine if de-

lay is considered significant. Thus, no metric of “good” peniance has been widely-
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acceptedKisu et al, 2005. We have assumed that the user will tolerate as little datay
possible so our schedules last no longer than the run tinhe #stest available frequency.

Ishihara first investigated the implications of DVFBHhihara and Yasuuyel998.
DVFS has been used to reduce energy in environments as @iasrsveb server
farms Elnozahy et al. 2002 Sharma et al.2003 and mobile devicesHlautner et al.
2002 Noble et al, 1997).

DVFS scheduling algorithms have been explored in greatlddtar example, Both
Noble et al. Noble et al, 1997 and Grunwald et al.Grunwald et al.2000 examined the
effects of multiple algorithms on interactive programshe mobile computing domain.
Weiser et al. used past CPU utilization history to deternairieequency for future time
periods Weiser et al. 1994. Our work is similar only in that we use DVFS—we are
looking at specific applications, and we must honor a speaifie bound.

Instead of finding the most cost-effective way to speed uphedde, aka “crash-
ing” (Render and Stair J2000, we find the most resource efficient way to slow it down.
We assume the schedule modifications are deterministichriikee CPM. Also, PERT
networks are able to model stochastic activity times, acdmework shows promise in
being able to crash these types of netwoltadga and O’keefe2001).

Modeling a parallel program by a task graph is not a new ideas particularly
common in handling programs that exhibit both task and datallelism—the vertices
are tasks, which can be assigned one or more processor, @aeddles are dependencies
between tasks. The CPR methdrBflulescu et gl2001) gave an efficient algorithm to
find an effective allocation of processors to tasks. Our wodkises on saving energy in
tasks, not determining how many processors to assign tasks.

Finally, there are several examples of using program trézesalyze performance.
These range from tools such as MetaSim and DIMEMAS, whigwadross-architecture
performance predictiorShavely et al.2002, to KOJAK (Mohr and Wolf 2003, which
allows a visual representation of performance. The work oétl et al. Noeth et al,
2007, which provides a way to compress MPI traces both within hativeen nodes,

also complements our work.
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3.6 Summary and Future Work

We introduced a system that uses linear programming (LPdtm& optimal energy sav-
ings tightly for a given MPI application. Our system creadegrogram trace, generates
a communication graph, and uses an LP solver to determinsctidule. The system
shows that existing techniques that make use of DVFS can wellikor some programs,
but for others little energy savings is possible. As ourayshas scaled to over ten thou-
sand tasks, our work can be used as a baseline for energygsaigiorithms that exist or
will be developed in the future.

Our near-term goals include incorporating other MPI operst, such as
MPI _St artal |, into our system. In addition, we will study a range of all®eadelay
values to investigate how much additional energy can bedsawée also plan to model
one-way (asynchronous) versus two-way (Synchronous) aamgation more precisely,
which will require a greater understanding of the particiudel implementation.

In the longer term, we are interested in developing thisnepie as a design tool.
Given the communication trace of a benchmark from a supepcben that does not use
DVFS, we can model a similar system that is equipped with DWW8der to demonstrate
the potential energy savings. The next step would deriveggranaracteristics given only
an architectural specification. Finally, we also plan to eladulti-core architectures with

an LP-based system.
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CHAPTER 4

THE ADAGIORUNTIME SYSTEM

We apply the knowledge gained from teh previous chapterlt@sbe following problem:
how can near-optimal energy savings be realized at runtassyming no training runs
and no source code modification. In this chapter we presensalution, theAdagio
runtime system.

Our bounding approach for energy savings relies on schaglohanges at MPIl com-
munication calls, identifying the critical path of exeartito ensure it is never slowed,
and approximating ideal frequencies by splitting executime over available discrete
frequencies. However, offline scheduling requiresoepleteprogram trace atachdis-
crete frequency. Further, the use of a linear programmihgesto generate the schedule
is far too costly to be done at runtime.

In this chapter, we introduce th&dagioruntime system, which achieves significant
energy savings with negligible (less than 1%) increase @tetion time. We accomplish

this by adapting and extending the principles behind officieeduling as follows:

1. Schedules ildagioare generated from predicted computation tirAdagiouses

a simple, robust algorithm that requires no applicatioeesiic knowledge.

2. Slowdown decisions i\dagiooccur at runtime. We base initial scheduling on
worst-case slowdown with subsequent, more aggressivalstthg based on ob-

served performance.

3. Adagiolimits critical path detection to information local to theogessor. Ada-
gio scheduling assumes that users will tolerate only negkgaadlay of MPI call

completion.
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4. Adagioidentifies individual MPI calls through hashing the stacc#. Not only
mustAdagiocorrectly predict the computation, communication and slown as-

sociated with the upcoming call, it must also predict theaping call itself.

The aboveAdagiofeatures are distinct from our offline bounding approachthit work
(presented in the previous chapter), we solve all of thesklpms using an execution
trace fromall available discrete frequencies.

Adagiois a unigque run-time approach to HPC energy savings in thexdudion delay
is negligibleandthe application source code need not be modified. Previo@éergy-
saving algorithms are fundamentally different. Approach®at use a fine-grain history
mechanism to predict future behavidg€ et al, 2007 Hsu and Feng2005 will save
less energy thaAdagiowhen we can leverage load imbalance to reduce the frequency
during computation bursts. Another approach uses peatiter delay to determine per-
processor frequencieEieeh et al.2008h), but does not detect the critical path correctly
in the general case and therefore risks significant progtawd®wn. Adagiodiffers from
these approaches in that it slows only that computation krtovioe off of the critical path
in order to realize energy savings.

We show the effectiveness @éfdagio for real-world programs as well as standard
benchmarks. This includddMT2K (Lawrence Livermore National Laboratqr2005
andParaDiS (Bulatov et al, 2004, two complex, real-world programs. While incurring
less than 1% delayydagioreduces total system energy consumption up to 8%di 2K
and 20% forParaDiSon 32 cores. These are significant savings because the pdwer d
ference between the fastest and slowest frequencies oxperimental platform is only
39%. We include comparisons éfdagioto existing energy-saving algorithms. Using
larger numbers of nodes and thus increasing the effectsadfilmbalance allows the in-
creased savings when compared to the smaller runs usedrfbbanding work.

The chapter is organized as follows. We present definitiass,imptions and a taxon-
omy of existing runtime algorithms in Secti@nl Next, Sectiot.2 detailsAdagiq our
new runtime algorithm. In Sectioh3we compare the effectivenessadagioto similar
algorithms using real-world applications and standardcherarks. Finally, we discuss

related and future work in Sectiods4 and4.5.
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Processor

I Communicaton  L—— Task
Hl Slack — Message
1 computation -+ Critical Path

Figure 4.1: Typical SPMD Execution (left) and its task grépght).

4.1 Overview

We place our work among existing algorithms based on commseuaraptions and defi-
nitions. We then provide a taxonomy of other approaches thighr respective strengths

and weaknesses.

4.1.1 Definitions and Basic Assumptions

We assume an SPMD (Single Program Multiple Data) progrargnmrodel on a
distributed-memory system using message passing, in ser®I, for any communica-
tion between processes. For simplicity—and without re8trg generality—we assume
that each process is associated with a single core, althawghgle machine may have
multiple cores. We refer to these cores as processors foethainder of the dissertation.
Figure 4.1 illustrates our execution model. faskis the basic unit of scheduling,
comprising total communication and computation that tgdase on a single processor
between the completion of two successive MPI communicat&is. We measure task
computation by an instruction count and an observed peu&acy instruction execution

rate. We measure communication by recording the time spehinthe MPI library.
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We usecritical path analysisto determine which tasks we can slow without incur-
ring overall execution delay. Aritical path (CP) is the longest path through a directed
acyclic graph. For our analysis, each task forms a verteéngraph and each edge
indicates a dependence between taskg,(an edge exists between successive tasks on
the same processor, and between a blocking send and itsintatebeive). Each vertex
is weighted with thenormalized execution timaf that task, defined as the time required
to complete the computation portion of the task when exagudt the fastest frequency.
Further, the graph has exactly one source,M®€ _| ni t function call, and one sink,
the MPI _Fi nal i ze call. The critical path can change processors at any reqaud
(including calls with no explicit data transfer, such\ _Barri er).

We define time spent blocked in an MPI communication calilask By definition,
while a processor executes on the critical path, it does loakbwhile waiting for data
to arrive during MPI communication calls: any process b&stkvaiting on remote com-
munication can be slowed in order to complete exactly wherréimote communication
completes without affecting overall execution time. Thiia process is blocked, it cannot
be on the critical path (non-blocked processes may be ether off the path).

Theideal frequencys the slowest CPU frequency at which a given task can be run
without incurring any slack, that is, the frequency necesgafinish “just in time”. The
ideal frequency exists in the continuous domain: while tieal frequency uses the mini-
mum amount of energyighihara and Yasuurd 998, it is usually not one of the discrete
frequencies available on the processor. If the ideal fraqu@ccurs between the fastest
and slowest frequencies, we can approximate the idealdrexyuby executing part of the
task in the faster neighboring frequency and the remainortjgn in the slower neigh-

boring frequency. We use the slowest frequency when it iefdlsan the ideal frequency.

4.1.2 Taxonomy

Ideally, runtime HPCDVFS algorithms satisfy three simultaneous goals: save as much
energy as possible, increase execution time as little asilgesand support both sim-
ple and complex applications. No existing approach meétsf éhese goals. Tablé.1

summarizes the current state of the art in three classesqtihre algorithms along with
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Algorithm Online | Granu- | Modified | Critical | Slows | Slows | Ideal
Class VS. larity App. Path | Comp. | Comm. | Freq.
Offline Source | Aware
Offline Offline | MPI call No Yes Yes Yes Yes
Scheduling
(Rountree et al2007)
Scheduled Online | MPI call No Yes No Yes No
Comm.
(Lim et al,, 2009
(Lietal, 2009
(Rountree et al2007)
Scheduled Online | Timestep Yes No Yes No No
Iteration

(Freeh et a].2008H
(Liu et al, 2005

Scheduled Online | Timeslice No No Yes Yes No
Timeslice
(Jones2007)

(Ge et al, 2007

Adagio Online | MPI call No Yes Yes Yes Yes

(this work)

Table 4.1: Comparison of near-optimal offline schedulingutatime classes.

a near-optimal offline scheduler and compares thedagia We discuss existing ap-

proaches from each class in more detail in Sectigh

Offline Scheduling

We first briefly review the offline scheduleRéuntree et al.2007) that uses a complete
execution trace foeveryavailable CPU frequency as input. Given this input, linear p
gramming determines a near-optimal schedule based on MPgreaularity, i.e., the
critical path could move from one processor to another atNMRYy communication call.
Thus, this granularity allows critical path identificatiand prevents slowing of any com-
putation along the critical path. While the MPI communioattalls indicatevherefre-
guencies are to be changed, this algorithm is near-optieaulse it lowers the frequency

of the computation surrounded by these calls, thus (so far@sssible) eliminating slack.
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Often, no single frequency exists that is low enough to rezmall/slack but not so low
that the slowed computation impinges on the critical patidiclously splitting the com-
putation across two neighboring frequencies (as detaresleiction4.2.2 allows close
approximation of the ideal frequency, saving additionakpowith no additional delay.
Using these techniques, the offline scheduler essentitdlyep an upper bound on
the effectiveness of an®VFS algorithm, either online or offline. While its high cost
precludes using it in a production environment or at runtithe design oAdagioreflects

lessons learned from this approach.

Scheduled Communication

The simplest class of runtime algorithms, which we t&ameduled Communicatipmses

DVFSto reduce energy consumption when program execution blogkd Pl communi-

cation (i et al., 2004 Lim et al, 2006 Rountree et al.2007). This matches the granu-
larity used in offline scheduling. Because data transfeptscomputationally intensive,
slowing these transfers generally incurs a negligibleegase in overall execution time.
Because no computation is slowed, the critical path is rfece#d, avoiding calculation
of the ideal frequencyScheduled Communicati@gorithms save energy in highly com-
plex, production-quality MPI programs, with no source cauzdification. However, they

leave significant potential energy savings untapped.

Scheduled Iteration

Scheduled Iteratiomethods Freeh et al.2008a Liu et al., 20095 compute the total slack
per processor per timestep, then schedule a single didceg@ency for each processor
for the upcomingimestep We define a timestep intuitively as an iteration of a scfenti

application’s outermost loop. This timestep-level gramity works well for simple ap-

plications where the critical path remains on a single pssoefor the duration of each
timestep. However, applications with complex communaapatterns may have a crit-
ical path that crosses several processors during a timestefhis case, algorithms of

this type will choose not to slow any processor that contaimg portion of the critical
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path, thus forgoing any energy savings that might be had osetprocessors elsewhere
in that timestep. As such, we classify these algorithms asnitccal-path-aware and not
using ideal frequency, although they can be significantlyereffective tharScheduled
Communicatioralgorithms, at least on simple applications, due to the isigwf compu-
tation during the timestep. Also, this class of algorithmesymequire modification of the
application source code to indicate the boundaries of thedtep.

Scheduled Timeslice

Scheduled Timeslicmethods Jones 2007 Ge et al, 2007 schedule at fixed time in-
tervals. These algorithms predict the execution charities of the upcoming inter-
val (i.e., timeslice) based on recent intervals. They galheselect the lowest discrete
available frequency for each processor such that predaltaddown does not exceed a
user-specified limit. This timeslice granularity cannaick the critical path, nor do these
algorithms use the ideal frequency to match the specifiegydelhus, any delay spec-
ification smaller than what would be achieved using the sg&d¢oghest frequency will
result in no computation being slowed. This approach doésetuire modification to
the application source and can save significant energy, rdytvehere significant delay

can be tolerated.

Conclusions

None of the existing runtime methods achieves all of our gjda¢cause none of them
combines the design criteria of MPI-call granularity, siogv computation using ideal
frequencies, and respecting the critical pa&tdagiocombines all of these without requir-

ing modification to the application source code.

4.2 Adagio

We begin this section with thedagioimplementation. We then discuss optimizations for
ideal frequency calculation, slack reclamation, and langssage handling.
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Variable | Explanation Variable Explanation

f Slowest frequency available an ¢ Ideal frequency for a task.
the machine.

f Fastest frequency available on thet.omp Total observed computation time.
machine.

t Total observed task time (int tcopy Total time required for message copyif
cludes communication, computg- (does not include blocking time).
tion, and slack).

tiib Total observed time spent in the ¢4, get Available time for computation Adagio
MPI library (includes copy and slows the processor to take exactly th
blocking time). time.

R Rate at which a processor exg-/ Number of instructions executed durir]
cutes a task computation (instrug- computation.
tions per second).

taskid Unique identifier for each task| Rates[taskid][f] | Table of instructions per second for ea

generated by hashing the stal
pointers.

(

Kk

tasktaskid at each discrete frequengy

Sched[taskid]

Table holding frequency schedule f
eachtaskid.

Table 4.2: Variables used withi#adagioand their purpose.
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PreTask()

taskid = hash(stack_pointer_chain)

if isnew(taskid) then

/* First instance of a task: Choose fastest
frequency.

=17

else

/= Look up correct frequency.

i [ = Sched[taskid]

Set Freq( f)

| ni t PerformanceCount ers()

RunTask( taskid)

Post Task()

[+ Generate schedul e for next execution of this
t ask.
; Record!, t.omp, tip-
Ratestaskid][f] = I /tcomp
t = tcomp + L
ttarget =t— tcopy
if isnew(taskid) then
/* First instance of a task: Set slowdown
rates to worst-case for each avail abl e
frequency.
;for fe Fdo
Rates[taskid][f] =
Rates[taskid)[f] * f/f
end
/+* Find slowest frequency that respects the
critical path. Default is fastest frequency.
* |
. Sched[taskid) = f
for f from slowest f) to fastest ) do
if I/Rates[taskid][f] < tiarger then
Sched[taskid] = f
return;

end

Figure 4.2: Adagio algorithm with no optimizations.
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4.2.1 Adagio Implementation

As Adagiois task based, we must predict the properties of the nexttkekvill execute
after a given task. This prediction requires that the athamifirst determines which task
will occur next. To accomplish this, we create a signaturesfich task based on a hash
of the pointers that make up the stack trace. The hash is gedewhen the MPI call
associated with the task is intercepted by our library. Téeord of each completed task
contains the hash of the task that had been observed to fllownediately.

Before the computation of a task begi#glagiofetches the frequency schedule for
the task and changes the operating frequency to the firshdhe schedule. It also initial-
izes hardware performance monitors (HPMs) to monitor theecAfter a taskAdagio
collects data and determines the frequency schedule fandkeexecution of that task.
We stress thaf\dagioexecutes on each processor and tailors schedules to cdioputa
performed on each processor.

The first time a task is observed, we record the task that geeteé and execute it at
the highest available frequency. This forms the basis ferpgitediction of computation,
communication, and blocking times. We assume that taskviimhaill essentially be
identical every time it is executed. This very simple prédlicaptures the behavior of
many scientific applications.

Figure 4.2 shows pseudocode fédagiofor the simple case of using a single fre-
guency per task. We detail the optimized split-frequencyecan Sectiord.2.2 As
runtime algorithms have no prior information about prograrecution characteristics,
Adagioschedules execution at the fastest frequency (represegtéliwhen it first en-
counters a task If the task recufgjagioschedules it under the assumptiomalrst-case
slowdown(execution slowdown proportional to that of the change agérency). Com-
putation will not slow by more than the ratio of the changeragfiencies. For example,
running a task at 1.6GHz instead of 1.8GHz will cause no nmuaia &1 12.5% delay. The
communication and memory-boundedness of a task may lowsedétay substantially.
Thus,Adagiorecords the observed slowdown when a task is scheduled acdtex in a

particular frequencyAdagiothen uses this refined estimate for subsequent scheduling.
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Table 4.2 summarizes the variables that we use to descAbegids algorithm.
Throughout this discussion, we will uge and f to denote the fastest and slowest op-
erating frequencies (i.e., MHz) and will use them to indew itablesSched and Rates
(instead of standard array indices).

Adagiorecords the number of instructiodsand the instructions per secort for
the current frequency and task when it completes. Recordiradlows Adagioto es-
timate how fast a task would run if it ran at the fastest freguye—a significant con-
tribution beyond previous workHfeeh et al.2005 Springer et al.2006, which lacked
an algorithm to determine execution time as a function ofjdency. Further, record-
ing I allows Adagio to determine when execution characteristics (i.e., coatprt)
have changed between task instances. We measure the nufmbsetractions using
PAPI (Mucci and the PAPI Tean2009. We also usgyet t i meof day to measure the
total execution time of a task, which we need to compute thuntions per second met-
ric. We emphasize that these HPMs are collected at runtimhely for those frequencies
that are actually used. No training runs are necessary.

We record the total task timg which is the sum of the task computation timg,,,,,
and the time spent in its associated MPI cgll, The target execution timeé,,, ,.;, is set
to the difference of and the copy portion of the communication tintg,,,. We predict
teopy Dased on results obtained with microbenchmarks that varyniessage size, such as
a simple ping pong test. These microbenchmarks are applcatdependent and only
need to be executed once in order to characterize a partsysggeem.

We schedule the task to take timg, ., during the upcoming timestep by iterating
through all frequencies, slowest to fastest, and findingstbe/est frequency that does
not exceed the target, thus respecting the critical pathd&inition, a task that blocks
cannot be on the critical path, and so this algorithm will slotv any task that was on the
critical path during the previous iteration. We do miss tippartunity to slow tasks that
are both off of the critical path and do not block, but the &ddal algorithmic complexity
required to detect such tasks is not warranted due to théskihaidditional energy that we

could save.
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As stated above, if we have not yet executed the task in acphatifrequencyf,
we assumevorst-case slowdowrgiven quantityRates[taskid][f] (observed during the
initial timestep),

Rates[taskid)[f] = Rates|taskid)[f] x f/f.

Our assumption is conservative: the execution rate willdextreasenorethan the de-
crease in CPU frequency but might decrease less since maefergnces (and 1/O) are
independent of CPU frequency. Thus, slowing the CPU will inogeneral lead to as
much slowdown as the slowdown in frequency. Scheduling @wasively does not in-
crease overall execution time, and as soon as a task is exeaua particular frequency,

we replace this pessimistic estimate with an observed value

4.2.2 Optimizations

We now detail three novel optimizations: approximatingaidieequencies by using two

neighboring frequencies, slack reclamation, and largesageshandling.

Split Frequencies

We determine thedeal CPU frequency¢, for a task such that it executes in exactly
tiarger S€CONAS. However, processors used in HPC environmentatepanly at a few
discrete frequencies. To our knowledge, all other existuingime algorithms choose a
single frequency and either lose energy savings by runm@isigf than the ideal frequency
or lose time (and possibly energy savings) by running slavan the ideal frequency.
In the worst case,F| + 1 iterations are required to discover the ideal frequencpskt
behavior is consistent across iterations.

We can approximate the ideal frequency by using its neighborfrequen-
cies (shihara and Yasuurd998. Our optimized schedule still uses the fastest available
frequency when the computation lies on the critical path tedslowest available fre-
guency when the ideal frequency is even slower (slack resraithis case). In any other
case, we calculate how long to run the epoch in the two frecjgenmmediately above

and below the ideal frequency.
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Let ¢ be the percentage of time to execute at frequeficgnd let frequencieg >
¢ > f'. We must satisfy

targer = 4 % (I/Rates[e][f]) + (1 — q) x (I/Rates[e][f')).

We solve forg for the given task and use the two frequencies for the coordipg du-
rations {...4c¢ X ¢ Seconds for frequency andt,,.: x (1 — ¢) seconds for frequency
f"). For this reasonidagiostores; as well asf (f” is always one frequency belofy per
task inSched. Thus, each processor can generally execute each task aetyonear the
target time.

At the beginning of each task, we useti ti ner to generate an interrupt after
q x I/Ratesle|[f] seconds that allowAdagioto switch to f’. When Adagio catches
the SI GALRMsignal, it recordsRates[e][f], andI (up to that point), switches the CPU
frequency tof’, and continues. We disable the alarm when entering the Mietifon that
ends the task to avoid interrupting the application whenmatation completes ahead of
scheduleAdagioadditionally storesRates|e][f'].

Using a split-frequency schedule can lead to using a pé#atiétequency for a small
amount of time. This choice would incur a time penalty for gdlitional switch and
decrease system stability (at least on our hardware). Toteothis, we have empirically
arrived at aswitching thresholdf 100ms for our cluster. We require any frequency
switch to remain in the new frequency for at led8tms. Thus, we schedule no task for
a lower frequency if the scheduled time would be less tharhteshold, and we do not
schedule split frequencies unless the time spent in botfuénecies will be greater than
the threshold (the higher frequency will be used for thererttisk), Finally, we guarantee
sheduled time exceeds the threshold time before switclimgdwer frequency while in
the MPI library.

Slack Reclamation

Tasks may still block during communication. If there wasfisignt computation that

the task had been scheduled, any blocking in excess of tHerkwill use the lowest
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frequency, as that will be the frequency chosen for the cdatfmm. However, there
exists a second case where a task consists of a small amozorhpiitation — too small
to be scheduled — followed by a relatively large amount ofcking communication.
To prevent using a high frequency for blocking, we deterntireeamount of time spent
blocking during the previous instance of the task and, & thigreater than or equal to
twice the switching threshold, set an alarm to expire at kineshold time. If the alarm
fires before the task completes, we change to the lowesaiaifrequency and remain

there (if our prediction is correct) for at least anotheration equal to the threshold.

4.2.3 Large Message Handling

TheFT benchmark is unusual in several respects (SedtiBoontains all results). Among
these, required communication for a particllé _Al | t oal | call is measured in sec-
onds instead of milliseconds. In this case, our thresholdeves too short to handle the
amount of communication that occurs. We could construdt Baspecific solution or we
could attempt to model expected communication time foreahesdls. We have instead
created a simple, general solution. A side effect of anaaht call is synchronization.
We wish to separate out the communication time spent blgcWiaiting for other pro-
cesses to arrive at the call from the communication time tspansferring data. So, at
the beginning of larg&PI _Al | t oal | calls, our library inserts aNPI _Barri er . Any
slack present at this barrier can be reclaimed by schedthmgomputation immediately
before it as usual. The task terminated by the followiiRj _Al | t oal | has almost no

computation, and slack reclamation occurs as outlinedarptlvious section.

4.3 Results

This section reports our performance results. For all arpents, we used a cluster of
sixteen nodes, each containing two AMD Opteron 265 duad-@uocessors. We used
sixteen nodes and one core per processor in all tests (38)areept for those NAS tests
that required the number of nodes to be a perfect squareifircéise, we used a single
core per node). We can independently set the frequency bf@acessor, but this early-
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model multicore processor cannot scale core frequencaspendently. Consequently,
the second core on a processor consumes energy while doingeafol computation,
reducing the energy savings we can achieielagiohas been designed in anticipation
of processors with per-co®VFS control. Future work will extendAdagioto handle
assignments of processes to cores consistent with ouryesawng goals.

We chose OpenMPIThe OpenMPI Team2010 as our MPI implementation. The
nodes are connected by gigabit ethernet and have 2GB RAM €Hob Opteron 265
supports CPU frequencies 1000 MHz through 1800 MHz in sté290 MHz. We use
thesysf s interface made available by a modified Fedora Core 2 OS rgrthim 2.6.16
kernel for frequency shifting. We compiled all applicatsowith gcc or g77 using the
- Q2 optimization flag. The system ran no other processes dutingxperiments other
than the usual daemons.

Our application set includes two complete applicatidhg,T2K andParaDiS as well
as the programs in the NAS suitdASA Advanced Supercomputing Divisip006. For
each application, we measure execution time (elapsed Veak ¢ime) and energy con-
sumed. We measure the total system power with precisionimmetkrs at the wall outlet
and compute energy usirgergy = power X time SO energy isotal system energyot
just CPU energy. While time, and thus energy, can vary aamesy runs of a bench-
mark, power does not vary much at all. All results are fronedirprogram executions
and measurements, not simulations or emulations. Eachhbeark was executed us-
ing each indicated algorithm a minimum of five times, with thedian time and energy
values normalized against the median time and energy farteark execution with no
DVFSscheduling. We also providelawer boundto the energy consumption. This was
computed using program traces and indicates the maximuru@inobenergy that can be
saved given perfect knowledge.

When computing in a tight loop, each compute node in the systsnssumes 180 watts
at the fastest available frequency and 117 at the slowestkBlg at the slowest frequency
reduces the 117 watts to 110. Thus, assuming no time incceest frequency scaling,
an overly optimistic upper bound on possibBigFSenergy savings on these nodes is 39%.

Real applications cannot achieve this bound without irgirggexecution time because at
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least one processor must be on the critical path and run afatitest frequency and,
generally, not all non-critical-path processors can beatuthe slowest frequency.

4.3.1 Algorithms

In Section4.2we described the design and implementatioAdégia We now describe
our comparison algorithmg$:ermata-1800Adagio-CompTimeslice andJitter.

From the classScheduled Communicatiomwe useFermata-1800(Rountree et a).
2007, which uses the same technique as the slack reclamatiorithlp in Adagia All
computation is executed at 1800 MHz, while communicatiamsrat the slowest fre-
guency if blocking time exceeds a 100ms threshBfmataslows only communication.
We useAdagio-ComptheAdagioalgorithm with no slack reclamation, to show the effect
when we slow only computation.

From theScheduled Timesliagorithms we implemeriflimeslice These algorithms
require the user to specify a delay that they will tolerateoider to save energy. A
higher tolerance generally increases energy savings. &\itelay tolerance of only 0%
or 1%, similar toAdagids target, these algorithms save the most energy by onlyistpw
communication since they do not use split frequencies. €ingavhich communication
to slow can only be based on the characteristics of previousstices, so at best the first
timeslice that includes the communication call runs at tigaést frequency, and the first
timeslice after the communication call runs at the lowestjfrency. Depending on the
size of the timeslice, this best case approaches the pafareof thd-ermataalgorithm.

To allow a fairer comparison, we instead have implementealgorithm that gives a
bound to the performance of algorithms in this class. We @beeall computation at the
second-highest frequency (1.6GHz) and &sematato execute communication at the
lowest frequency. This results in a certain amount of deteeyér worse than 12.5%) de-
pending on the application. There are two factors influegtive resulting energy savings.
Running at a lower frequency lowers power, but running longereases time.

From theScheduled Iteratioralgorithms we usditter (Freeh et al.20083. This
algorithm slows the processor for an entire iteration. Bhésrations are not identified

automatically: the user must annotate the source code weiii ®o MPI _Pcont r ol and
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Figure 4.3: Normalized time, energy, and powerftvT2K.

recompile. Jitter can detect when an iteration on a particular processor nagelothan
expected (when, for example, a portion of the critical patissed that processor and was
inadvertently slowed) and restores the processor to tliedagequency for subsequent
iterations. In the worst case, this can occur on every psmrethat has some amount of
slack, and in this cashtter will eventually schedule all the processors to run at théésg]
frequency. No energy will be saved, but the only delay wilineofrom the slowdown of

the few iterations that were tested.

4.3.2 UMT2K

The UMT2K benchmarkl(awrence Livermore National Laboratqr0095 is part of the
ASC Purple Benchmark Suitédwrence Livermore National Laboratqr2001) assem-
bled by Lawrence Livermore National Laboratory (LLNL). Exisive studies of this
benchmarkRountree et al2007) have shown that it is a very challenging test of energy
savings for offline, let alone runtime, scheduling.

UMT2K implements a tree communication pattern that handles lagychronous
messages (100KB+). The critical path does not stay on the gaotessor across an
entire iteration. The tasks iIWMT2K tend to have either a great deal of computation
ended by a small amount of communication or very short coatpmrt followed by a
large amount of communication. The implication is that thslel scaling of computation
will generally be ineffective, but that significant energwayrstill be saved by selectively

slowing communication.
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We see this reflected in our results as shown in Figu8swhich indicates the lower
bound for energy use as determined by offline schedulingerAitding the median val-
ues of runs with no energy scheduling, we recorded the medihres of runs for each
algorithm and normalized them to the nonscheduled medilmesaFor this application,
Adagiosaved 8% energy with only 0.2% delay.

Fermatg Adagio-Compand Adagioran with less than 1% delay. We can pinpoint
the source of the energy savings from examinieggmataand Adagio-Comp Because
Fermataonly slows communication, and observing that it achievédt/energy savings
doing so, we can conclude that very little energy savingsbeapicked up from slowing
computation. In factAdagio-Compwhich primarily slows computation) actually uses
more energy than the nonscheduled runs (0.4% more). We canngtysadd the sav-
ings achieved byAdagio-CompandFermatatogether to estimate total savings since the
combination intcAdagioperformed slightly better.

Jitter performs poorly on this application. Thétter algorithm is sophisticated
enough to determine when slowing a particular processadisléaoverall slowdown, and
that processor is returned to executing at the fastest émgufor the following iteration.
For this application,Jitter is unable to find any processors where slack can be reduced
without additional delay, and so ultimately ends up runrafigorocessors at the highest
available frequency. In making this determination, thqudjtier introduces an overall
execution delay of 2.5% creasesnergy use by 2.3%.

Our Timeslicealgorithm saves the most energy for this benchmark: 10.56%dver,
this comes at a cost of a 5.6% deld@ymeslices the most effective algorithm if this kind
of delay can be tolerated. However, supercomputers ardpsecl to run programs as fast
as possible, and energy savings are likely to be interestihgwithin that constraint.

UMT2K presents the intriguing possibility that communicationlddoe reordered to
yield even greater energy savings. Currently, the appiinaises a barrier for synchro-
nization after a large computation task. Because the caatipuatis balanced, there is
essentially no slack. Then the application performs a sswpief load-imbalanced asyn-
chronous communications that terminate in another baorié®Pl Wi t al | . Moving

to a synchronous communication model could eliminate theglrier barriers as well as
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placing the inevitable slack into the same task as the l@aRlced computation. To our
knowledge, no research has been done concerning MPI prograjriechniques that al-
low for increased energy savings. We plan to revisit thigéss future work.

In summaryUMT2K presents a challenge for energy savings because of its eempl
communication pattern and the inability to slow computatiathout adding delay. Be-
causeAdagiocan save energy by both slowing computatomn communicationAdagio
outperforms every other algorithm used on this benchméttkpaghFermatais almost as
effective. UnlikeFermatg Adagioalso performs well when computation can be slowed,

as we illustrate with the next benchmafaraDiS

4.3.3 ParaDiS

ParaDiS (Bulatov et al, 2004 is a dislocation dynamics simulation used at Lawrence
Livermore National Laboratory. It is a “chaotic” programaticonverges using a varying
number of iterations for the same initial inputs over diffietr runs. Program performance
reflects this behavior—total run times in our experimentt o not use energy sav-
ings vary up to 4.9%. This nondeterminism makes the prograsuitable for offline
scheduling. The power consumed, however, is consistehtrwain algorithm: the power
requirement for each iteration is the same (to the extentamenteasure it), and the vary-
ing number of iterations are reflected in the varying enefjyus, while a lower bound
on execution time would require multiple traces, a nornelibound on energy savings
can be computed from a single trace.

ParaDiSexhibits load imbalance. It is possible to configlaraDiSto perform dy-
namic load balancing, which reduces (but does not elimjredéek available foDVFS
scheduling and makes tasks more difficult to predict. We tsczessfully integrated
Adagiointo the dynamic load balancer provided BgraDiSand have saved significant
energy with less than 1% execution time delay.

The results are shown in Figuded. Three of the algorithms had less than 1% delay,
and all five achieved significant energy savings. This appba is structured so that the
critical path tends to stay on the same processor throughewntire program. The task

with the largest computation also has a large amount of lmlgckommunication time
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Figure 4.4: Normalized time, energy, and powerRaraDiS
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Figure 4.5: Normalized time, energy, and power for loadahaédParaDiS

(on processors off the critical path). There are also takks have short computation
combined with long communication. As such, bdéttlagio-CompandFermatado well
in isolation, and the combination infedagioresults in a 20.2% energy savings.

Due to this structurelitter also performed well, achieving 18.7% energy savings with
a 1.8% delay. Oufimeslicealgorithm did poorly. If no communication time existed on
the critical path of the program and all of the computatiors \tPU-bound;Timeslice
will slow execution by 12.5% (1.8GHz vs 1.6GHz). WilaraDiS the delay is much
closer to this worst case (unlikéMT2K, which is relatively communication bound). This
additional delay does not accrue much energy savings — teetipg 9.1% slowdown,
Timesliceonly achieved 11.1% energy savings, the worst of any algorit

The challenge withParaDiSdoes not lie so much in identifying slack, but rather in
making sure reclaiming the slack does not slow overall progexecution. We must

predict the next timestep using only prior information, Haer, prior information is not
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necessarily a reliable guide to performance, especialthebeginning of the program
and especially for this kind of benchmark.

The computation time predictor iAdagio proves to be robust in this situation. If
the critical path time for each succeeding instance inegasore than the non-critical
path times,Adagio schedules the non-critical path processors to complefeeedran
necessary. This misprediction leaves some amount of ersaigngs unexploited, but
results in no additional delay. Additionally, when the icdl path times decrease more
slowly than processors off the critical pathdagioalso incurs no additional delay. In
the case oParaDiS the change was similar enough across all processors tt#icsd|
delay did not become an issuéitter’s prediction of slack also takes advantage of this.
ParaDiSis an example for which predicting tasks and predictingatiens give similar
results, as opposed Tomeslicés prediction of timeslices.

TheseParaDiSresults show what can be achieved with worst-case load anbal
but Adagioalso performs when when on this benchmark when enable teenaitload
balancer provided withParaDiS Figure4.5 shows the results of these runs. We were
not able to calculate a lower bound due to the chaotic natutteedbenchmark, but even
with reduced load imbalandearaDiSsaved 13% energy with less than 1% increase in
execution time. We achieved these savings not only deBait@DiSnot saving energy
during load balancing iterations, but also despite havingetearn a new schedule after

each of these iterations.

4.3.4 Summary of UMT2K and ParaDiS results

Broadly speaking, there are two methods for saving energpg BV FSin MPI programs:
slowing communication and slowing computation to redueelsl The former tends to
work well in most programs with significant communicatiomé due to large message
sizes, of whichHUMT2K is an excellent example. Howev&iMT2K has relatively little
slack and thus presents little opportunity to save energgloywing computation.Par-
aDiS has far greater load imbalance and thus greater slack. Thisnly provides an
opportunity to save energy by slowing task communicatian,abso for energy savings

by slowing task computation.
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ParaDiSshows thatAdagiooutperforms other runtime algorithms when load imbal-
ance allows computation to be slowed, and OMT2K results show thaddagiooutper-
forms other runtime algorithms when load imbalance allowly @ommunication to be
slowed. For each application, one of the existing techrscatéains performance close
to that of Adagio(Fermatafor UMT2K andJitter for ParaDiS), but performs relatively
poorly on the other applicatiorAdagiois the only algorithm that performs well in both
situations. We now turn to the NAS Parallel benchmarks, d-kredwn suite of load-

balanced kernels.

4.3.5 NAS Parallel Benchmarks

The NAS Parallel Benchmark suite (NPBYASA Advanced Supercomputing Divisipn
2009 is a well-known collection of benchmarks for parallel camipg maintained and
distributed by the NASA Advanced Supercomputing divisidre$e benchmarks gener-
ally have a well-balanced computational load, implying oonenunication slack and thus
no obvious opportunity for energy savings. HoweV€er, and CG proved to be the ex-
ceptions. While both are load-balanced benchmarks, the@atommunication time to
computation time irfFT was high enough that energy could be saved by only slowing
communication, an€G is sufficiently memory-bound that slowing computation oa th
critical path resulted in a less than 1% delay. We explorertiptications of both of these
benchmarks later in this section.

We executed each benchmark over 32 processors except irasieeofBT and SP,
which require a perfect square for the number of processoithis case, 16). We chose
the class size so that the benchmark would run long enouglidcagtee an accurate
reading on our power meters. This was class C in all casegpekt®, where we moved
to the larger class D.

We present the results in Table3. As expected, with the exception BT, no sig-
nificant energy was saved withdagiqg the largest delay was 0.4% (BP. This result
is important becausAdagiois able to recognize when saving energy would incur non-
negligible delay. Moreover, the tasks in some of the NAS paots are small enough that

if Adagiotried to schedule them, scheduling overhead (e.g., frequswitching) would
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Bench- Normalized Time
mark || Adagio| Adagio-| Fermata| Timeslice| Jitter
Comp

bt.C 0.999 1.000 0.991 1.046| 1.038
cg.C 0.999 0.997 1.000 1.009| 1.063
ep.C 1.009 1.008 1.016 1.122 n/a
ft.C 1.017 1.015 1.004 1.015]| 1.027
lu.C 0.994 0.992 0.988 1.096| 0.901
mg.D 1.000 0.997 1.003 1.048| 1.043
sp.C 1.004 1.001 1.000 1.034| 1.119

Bench- Normalized Energy
mark || Adagio | Adagio-| Fermata| Timeslice| Jitter
Comp

bt.C 1.000 1.006 0.994 0.979] 1.033
cg.C 0.995 0.992 0.995 0.911] 0.812
ep.C 1.008 1.005 1.014 1.017 n/a
ft.C 0.821 0.990 0.823 0.781| 0.950
lu.C 0.997 1.000 0.998 0.981| 0.913
mg.D 0.983 0.997 0.985 0.940| 0.993
sp.C 0.998 1.000 0.995 0.977| 1.099

Table 4.3: Normalized Time and Energy for the NAS Paralleh@enarks.

dominate, again leading to too much delay—and possibly evarasedenergy due to
this extra delay. These results show tAdagiocan be usedafelyon applications. When
energy savings are possible, as WitMT2K andParaDiS Adagiowill realize these sav-
ings with negligible delay. Where no energy savings arelalkd, Adagiodoes no harm.

Of particular interest here is the range of performancegnts]i byTimeslice For a
CPU-bound benchmark such BB, slowdown in execution time essentially matches the
slowdown of the processor. Slowdown occurd I as well, although to a lesser extent.
Despite executing in a lower frequency, there are no sigmtienergy savings due to the
increase in execution time.

Jitter performed poorly overall, with the best energy savings (8% G) associated
with the worst delay (698) One anomaly is thalitter resulted in 10% speedup atJ. In
the past, we have observed repeatable small speedups inbsmtienark configurations
when the CPU is slowed. This appears to be caused by the det# ef staggering

communication to reduce contention at individual processés this kind of speedup

1The previous reporteditter results for the NAS applications are for 8 processére¢h et al.2008b);
this explains some of the discrepancy with our results.
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has an effect on energy savings, it is an avenue for futuysteinally, the structure of
theEP benchmark preventstter from scheduling it.

At the other end of the scale are the benchmarks that arer eitbeory-boundCG)
or communication-boundHT). While both Fermataand Adagiodo well onFT (18%
savings with 0.4% and 1.7% delay, respectivdlyheslicedoes even better: 22% savings
with only 1.5% delayTimeslicesaves energy o8G (9% savings with 0.9% delay) while
no other algorithm does.

This illustrates one area of possible improvement&dagia The CG benchmark is
entirely memory bound, but unless a task is associated Vaitk greater than the thresh-
old, Adagiowill not attempt to schedule that task, even when droppied3RU frequency
by 12.5% will result in less than 1% slowdown. We could additbss inAdagioby first
scheduling every task that falls below the slack thresholdge a combination of the
fastest and second-fastest frequencies. This schedulevagte little time if the task is
CPU-bound. However, measuring the execution rate at thensieftequency will reveal
if the task is memory-bound. In this cas&dagiocan schedule the task appropriately
even in the absence of slack. We can extend this approaelivtdy to allowAdagioto
save significant energy while incurring at most a small baghdelay in the absence of
slack. Given an additional hardware performance monitatlifed in the next chapter)
we are able to improve on this and predict the effect of slommgiven an single run at
an arbitrary frequency.

We now consideFT, which is unusual in two respects. First, communicatioretim
is an order of magnitude larger than computation time, dueefmeated calls to an
MPI _Al | t oal | that took up to ten seconds each in communication time aldaeond,
the initial iterations of several tasks varied widely enlbtig cause significant mispredic-
tion and thus greater slowdown than had been expected. \Iideiterations could be
precisely predicted, there were not enough total iteratioramortize the early error.

The former characteristic allowe&ldagioto save 18% energy. Communication is not
CPU bound, so executing it in the lowest possible frequenegd energy with negligible
delay (theFermataalgorithm accomplished the same savings with only 0.4%y)lelehe

latter characteristic caused an unusually high delay &fl.TheAdagio-Comglgorithm
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saved essentially no energy while causing a 1.5% delay,letimeslicealgorithm ac-
complished additional savings by scheduling all of theaitiens, whichAdagiocannot
do because of its goal of negligible delay.

Several simple additions tAdagiocould bring the delay results down to our toler-
ance. As the issue is misprediction, the solution can eitfadee the current predictor less
sensitive to variation or use application-specific knowledo create a better predictor.
Since one of our goals is to avoid application source modiéinaor other application
programmer intervention, we only examine the former. Tinepdest modification would
hard code a minimum of executions of a task before beginning to schedule it. THis so
tion succeeds, at least in this case, since the error is @hfoithe “warm up” iterations
of FT. A more general solution would require thatterations are withirp percent of the
average computation time before scheduling can begirsume. An even more com-
plex solution, implemented in an earlier versionAuagiq calculates the accumulated
percentage delay at runtime and only allows scheduling taoeahen that delay falls
below the tolerance. In all three cases, only computatitedaling is affectedAdagio
will continue to save some amount of energy by slowing the @Btihg communication.

We have chosen not to implement any of these solutions beeaiare not persuaded
that a real problem exists. The C class versiorFdfran for a handful of iterations;
a more realistic benchmark would have amortized the errer avgreater number of
iterations. We have observed a similar pattern of behawvid?araDiS benchmarking
runs of a dozen iterations produced suboptimal results talsgartup variability. But in
practice more realistiParaDiSruns show our simple predictor is more than adequate to

meet our defined limits.

4.4 Related Work

Previous work on static schedulingguntree et al2007) has most heavily influenced the
design and implementation 8idagia Specifically, the concepts of MPI-level scheduling
granularity came from that work, as did the use of split frengies. The latter ultimately
originated in the real-time work of Ishihara and Yasuushihara and Yasuurd 998.
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Several other dynamic voltage scaling runtime algorithmisteln this section we detalil
algorithms from the classe€3cheduled Communicatip8cheduled IteratiorandSched-

uled Timesliceand briefly describe other related work.

441 Scheduled Communication

We choose three algorithms to illustrate the cl&sheduled CommunicatioriWe de-
scribed the firsttermata(Rountree et al2007), in Sectiord.3. Li et al. (Li et al., 2004,
implemented the seconthrifty barriers, a similar idea in spirit but aimed at chip mul-
tiprocessors. Lim et alLim et al, 2009 developed the third, a technique to infer com-
munication regions and lower the frequency during thosereg UnlikeFermatg this
approach lowers the frequency on some computation. Howéviernot aware of the
critical path and so does not provide time guarantees;adsieattempts to minimize the
energy-delay product.

4.4.2 Scheduled Iteration

Section4.3 describedlitter (Freeh et al.20080, which is the primaryScheduled Itera-
tion algorithm of which we are aware for message passing programet al. Liu et al,,
2009 slowed down computation before barriers, a similar ideachip multiprocessors.
As mentioned earlier, because these approaches make Snopedecisions across the
entire timestep, they cannot handle situations where fitieatrpath migrates across pro-
cessors within a timestep—even if the migration occurs abal synchronization points.
Unfortunately, such migration is not unusual; in particuioccurs in complex applica-
tions such a¥JMT2K. As Adagiopredicts such migration, it provides better results for

these kinds of applications.

4.4.3 Scheduled Timeslice

We select two algorithms to illustrate the claéSsheduled TimesliceThe first, CPU-
Miser (Ge et al, 2007, divides a timestep into many small timeslices, the sizevluith

depends on the current frequend&@PU-Misergathers hardware performance monitors
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(HPMs) for each timeslice and uses past history to selectigesfrequency for the next
timeslice. Another approach usepuf r eq (Jones2007), a simple command-line inter-
face that makes use of the “userspace” CPU frequency govprowvided by the Linux
kernel. Frequency switches occur based on user-specifiéd bn CPU idle levels and/or
CPU temperature.

As with Scheduled Iteratiorthese approaches do not respect the critical path, whereas
Adagiodoes. WhileAdagiocan schedule computation effectively in environments wher
little or no delay can be tolerate@PU-Misercan require a significant delay (e.g., 5%)
to schedule computation effectively. This maletagioa better fit for many classes of
HPC applications, where the primary metric is executioretim

4.4.4 Other Related Work

Several researchers have developed techniques and sytstsmge energy with a mod-
est increase in execution time. Cameron et @arferon et al.2005 and Hsu et
al. (Hsu and Feng2005 developed some of the earliest runtime systems to saveener
in a performance constrained manner for HPC applicationdditfonally, Springer et
al. (Springer et al.2006 and Ge et al. Ge et al, 2007 developed analytic models to
predict or to understand energy consumption in the contegtalability. Similarly to
Springer et al., Li and Martined.{ and Martinez 2006 considered both reducing par-
allelism and frequency scaling, although in the contexthop anultiprocessors. Their
results showed power savings in almost every situation.

Recent work has explored reducing the amount of concurrgnggograms, with one
of the benefits of such reduction being lower energy. Dingl.eadapt behavior when
cores on a chip multiprocessor are unavailadng et al, 2008. Curtis-Maury et al.
fork fewer threads for parallel regions when benefic@litis-Maury et al.2006. Both
papers use linear regression to predict the effect on pegonce and minimize energy-
delay. In contrastAdagioaims at saving energy with negligible delay.

Many researchers have addressed finding optimal energggsawithout a time in-
crease in the real-time community. Several have used Mir&sbér Linear Program-
ming to solve thdDVFSscheduling problemighihara and Yasuuyd 998 Saputra et aJ.



66

2002 Swaminathan and Chakrabar001 2000 but are limited to a single processor.
Zhang et al. used an LP approximation of an ILP solution ferphrallel real-time do-
main (Zhang et al.2002. Mochocki et al. Mochocki et al, 2002 2005 continued this
work with an emphasis on accounting for frequency transitieerhead costs. Zhu’s work
on slack reclamatiorzhu et al, 2003 and Moncusi’s work on hard real time end-to-end
deadlinesfoncusi et al.2003 have dealt with non-optimal distributed real-time energy
scheduling. Other workRountree et al.2007) used Linear Programming to derive an
approximate upper bound on potential energy savings. gAldagiq these solutions are

all offline.

4.5 Summary and Future Work

In this paper, we have presentAdagiq a runtimeDVFSalgorithm aimed at saving en-
ergy in HPC applications with negligible delafdagioimproves on existing runtime al-
gorithms by using the proper semantic level of granulaspjit frequencies, and normal-
ized execution time. We applietidagioto two real-world HPC applicationstMT2K
andParaDiS—and obtained significant energy savings with negligiblecexion delay.

We are exploring important open issues including the deraknt of techniques
that guarantee no added delay when slowing MPI communitatiorting this work
to OpenMP as well as providing a hybrid MP1/OpenMP solutigh allow many more
applications to save energy. Incorporating processopséges intdAdagiomay allow
savings of even greater amounts of energy if we manage tlgetatelays required to
transition out of these states.

Many architectural issues also remain. Multicore chipausthenable per-corBVFS
control. Multicore optimization is a very active area of@asch, and the possibilities of
leveraging this work while simultaneously saving energy iatriguing. We are actively
working on using this approach in real-time systems, whexending delay is vitally
important. Finally, we provide in the next chapter an aettiiral model of howbVFS
affects arbitrary applications and propose a novel hardwearformance monitor that
allows us to calculate the effect of changing the CPU cloefdiency.
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CHAPTER 5

ARCHITECTURAL MODEL

5.1 Introduction

While power consumption is also an important problem in esoleel and consumer
devices, the metrics used to measure effectiveness in ttiesains—latency and
responsiveness—differ markedly from the primary HPC ngetexecution time. Pre-
vious work has shown how selectively slowing processorsairaliel, scientific applica-
tions can achieve significant energy savings with moderaggact on overall execution
time (Rountree et al2009 Hsu et al, 2005 Kappiah et al.2005 Ge et al, 2007). These
techniques require mechanisms to predict how a lower CPtkdiequency will affect
execution. Most work determines the appropriate CPU cloekuency under the as-
sumption ofworst-case slowdownthe code in question is assumed to ®eU-bound
and will respond proportionally to the change in frequentljis conservative approach
ignores the program’s diminished sensitivity to changeSRU frequency if any portion
is memory-bound. Such conservative approaches unnetgssarifice potential energy
savings in order to prevent unexpected execution delay.t&ebapproach would predict
the effect of lowering frequency on execution time more aataly, thus saving greater
energy, without increasing execution time.

Several researchers have proposed using regression aiar/aets of hardware per-
formance monitors (HPMs) to predict the degradation in akean time given a single
program trace. The general approach is to find correlatiofSRU time, memory bus
time, or both, and scale CPU time proportionally to the cleaimgCPU clock frequency
while holding the bus time constant. Neither characteriséin be measured directly, so
work in this area has focused on identifying other, morelgaseasured aspects of pro-
gram behavior that correlate well with memory boundednkssgruction count rates and
last-level cache miss rates are the two most commonly uséitsiel he former hypothe-
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sizes that increased memory boundedness will lead to a lm&asure of instructions per
cycle, and the latter hypothesizes that the degrees of menoamdedness can be defined
by how often memory is accessed. While both ideas are trua txtent, complicating
factors prevent either or both from being used as an effegt@rformance predictor.

We begin this work by examining two additional hardware perfance monitors
(HPMs) provided by newer architectures: bus access coumtsaunts of cycles with
at least one outstanding bus request. Both provide signtfiogprovement compared to
regressions based on L2 cache miss rates and instructions iades, reducing standard
error from 0.071 (using misses per cycle) to 0.024 (usingrbgsiest cycles per cycle).
However, this correlation approach suffers from the sarfiedities as earlier correlation
approaches: improvement is dependent on the quality ofitrigidata, worst-case error
can be relatively high even when median error is minimal, #redcorrelation does not
provide any guidance for further reduction of error.

To address this, we have developed an architectural modéleahterface between
the processor and memory. We first examine the simplest lusehitecture: an in-order
processor where at most one memory request may be outsteaidantime. We analyze
this model and show how previous models used HPMs to preldwidewn accurately .
We then make this model more realistic by adding out-of-oexecution and a memory
bus that can handle multiple in-flight requests. This modedufficiently complex to
capture the behavior of a wide range of modern processors.

We then divide computation into intervals based on the tifniesue and completion
of memory access instructions. At this level, we assumeaatiputation scales propor-
tionally with the change in CPU clock frequency, and mematgcy is modeled as
constant time. At this point, we can translate the modelagoaph on which we can per-
form critical path analysis. While multiple critical pathan exist, they are by definition
equivalent and we only need to study one.

We separate loads infoad groupsin such a way that theffective bus timés the
sum of the memory latencies of the last load in each groups 3itm is constant across
changes in CPU clock frequency (given that the bus clockugegy remains unchanged),

and the remaining time (CPU time) is scaled proportionaht® ¢hange in CPU clock
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frequency. With this model in hand, we can now calculateqrerbnce at an arbitrary
CPU clock frequency without using regression.

To evaluate this model, we chose to simulate how a simpletiaddi HPM can be
used to identify load groups and thus predict performancesacchanges in CPU clock
frequency. We implemented this HPM in the PTLSim cycle-aatisimulator and ex-
ecuted several synthetic benchmarks as well as selectethtpanks from the SpecCPU
2006 and NAS Parallel Benchmark (NPB) suites. We compareesuits to regressions
over bus request cycles per cycle and show an improvementamdard error on the
SpecCPU suite from 1.232% to 0.446% and from 0.888% to 0.1@28the NPB suite.
Further, we identify a source of the remaining error and deedow to address it.

This chapter makes the following contributions:

e We propose an architectural model of CPU/memory interadtiat identifies crit-
ical features required to predict performance across absmmg CPU clock fre-
quency.

e Based on this model, we propose a technique that allowstdiadculation of per-
formance at arbitrary CPU clock frequencies.

¢ We evaluate this technique using a cycle-accurate sirmdath show reduced pre-

diction error over the best regression-based solutions.

The remainder of the chapter is organized as follows. Sed&id gives a more de-
tailed overview of the problem we are addressing. Sed@iBuliscusses current best prac-
tice with regression-based models and improves on thesg twb recently-introduced
HPMs. Sectiorb.4 provides the architectural model, interval analysis, aritical path
analysis. Sectiorb.5 describes the performance of our leading loads approackrund
simulation. Sectiorb.6 covers related work, and Secti@n? states our conclusions and
outlines future work.
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5.2 Overview

Power and frequency are quadratically related: increas&PU clock frequencyf, re-
quire a quadratic increase in power, but by the same tokarcneg / provides an oppor-
tunity for saving quadratically more power. The domain ajtitperformance computing
(HPC) can leverage this relationship in two different wayst the same power budget, a
dense and highly integrated architecture such as Blue Gayeause orders of magnitude
more low-frequency processors than a similar cluster wigh+tirequency processors. For
highly parallel workloads, the tradeoff of increased pssm® count for decreased proces-
sor performance has led to a substantial increase in oyetrmance.

Dynamic Voltage/Frequency ScalifQVFS) is orthogonal to the low power processor
approach. Instead of always using the same frequé&\¢l¢Sallows runtimef selections
that best meet power consumption and performance requimsmé his capability can
be particularly effective with parallel programs. One cafest the highest available fre-
guency for overloaded processors while using slower fraqies that allow the remainder
of the processors to complete “just in time”. Recent work $laewn this technique can
realize the combined goal f@VFSin HPC: save significant energy while only incurring
a negligible performance penaltR¢untree et a].2009 Hsu et al, 2005 Kappiah et al.
2005 Ge et al, 2007).

We can more effectively realize this energy savings if we igdiably predict perfor-
mance at a particulaf—otherwise processors may complete their work early andevas
energy while idling, or inadvertently introduce executa®iay by taking too long to com-
plete. ForCPU-boundcomputation, which requires no main memory accesses, we can
easily calculate the change in performance. Given an exgtiimet, at f f, and a target
f fn, the execution time, at the targetf is simply:

t, = ﬁtO

[
As the number of memory accesses increases, the programmbsadncreasinglynem-
ory bound with a greater fraction of overall performance dependentn@mory latency.

Theoretically, an entirely memory-bound program, one sipends all execution time ac-
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cessing main memory, experiences no slowdown whisrreduced since the change does
not impact main memory access times. Although perfectly nrgrbound programs do
not exist, we must account for the degree of memory boundsdhisu and Feng2005
in order to predict performance. Time spent waiting for meynat f, does not incur
performance loss af, and out-of-order processors may overlap those stall cyelds
computation at the lower frequency.

The following section describes our improvements to thditi@nal regression-based
HPM approach.

5.3 Evaluation of Existing Models

In this section, we review the current use of hardware paréorce monitors (HPMs) as
proxies for predicting performance at arbitrary CPU clooiqguencies. We show that
while existing intuitive models based on instruction raaesl miss rates have some pre-
dictive power, these models can be improved by using HPMstioge closely correlate
with performance. By quantifying the success of these HPMeeal hardware, we can

better estimate the effectiveness of our novel model pteden the next section.

5.3.1 Existing Models and Implementations.

Models A common model runs through nearly all of the work on perfoncepredic-
tion under changes in CPU clock frequency. Program exetigidivided into CPU time
and bus time. As the CPU clock frequency changes, CPU timeaied proportional to
the change in frequency and bus time remains the same. Eaclfispnodel provides its
own variations on this theme. For example, Snowdon et alakexecution time down
into CPU, bus, memory and IO componeraowdon et a].2007); Lee et al. distinguish
between memory instructions and non-memory instructibee gt al, 2007); and Ge et
al. distinguish between on-chip and off-chip tintggand Camerqr2007).

Implementations Each of the above models captures the intuition of how peréorice

is related to the proportion of CPU-boundedness vs. merhonndedness. These are
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effective models on single-issue architectures: memocgss and computation do not
overlap, determining the amount of time accessing memosyréghtforward, and any
remaining time scales proportionally to the change in CRiglkcfrequency. On out-of-
order issue architectures, however, the sum of computétios and bus time is greater
than program execution time.

To compensate for this, researchers have attempted to fthick@b correlations be-
tween program characteristics and performance, with tinegression being the tool of
choice. In general, we would expect that programs with adrghstructions-per-cycle
(IPC) would be more memory bound than a program with a lowé€r, I&nd we would
expect that level 2 cache misses per cycle (MPC) would beehigjha memory-bound
program than a CPU-bound program. A typical regression d/tmok like:

Ty
Ty

= Oéo—FOélIPC@f—i‘OZQMPC@f

wheref is the reference CPU clock frequengy,is the target CPU clock frequency,is
execution time at a particular CPU clock frequency, and eacha constant that mini-
mizes error across the set of measured applications. Irc#isis, to predict performance
of a new application at frequendy, the cycles, misses, instructions and execution time
are measured gt, and the regression equation computes the ratio of the mezhsine

to the predicted time.

Experimental Results We draw benchmarks from the serial versions of the NAS Paral-
lel Benchmark suite classes A through E modified to limit tht@ftnumber of iterations.
Table5.1 summarizes our results on a quad-core Xeon 5440 processocowipiled all
benchmarks usingccwith the optimization level set te O2. Unless otherwise noted, we
obtained results by using a linear regression over hardpam®rmance monitor (HPM)
values per cycle at 2.833GHz (e.g., L2 data cache misseypke) c\We predict the ratio

of cycles at 2.000GHz to cycles at 2.833GHz. A hypotheticahpletely CPU-bound
program that takes timeat 2.833GHz would be expected to take tiﬁﬁw ~ 1.42t

at 2.000GHz, while a hypothetical completely memory-bopragram would take the
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Table 5.1: Evaluation of Existing Models on the Core2 Archi-

tecture
Mean Median | Standard
Absolute | Absolute | Deviation
Model R-squared | Error Error of Error

l/CL34 0.147 5.582 4.867 6.986
I/M> 0.445 5.161 4912 5.986
M/C124 0.520 4.856 5.153 5.754
X/C13 0.909 1.897 1.060 2.546
R/C8 0.945 1.432 1.088 1.943
(I,M)/C* | 0.505 4.845 5.092 5.772
(X,C)13 0.923 1.533 0.682 2.278
(1,M,X)/C1|| 0.941 1.278 0.567 1.987

| = Instructions, C = Cycles, M = L2 Cache Misses,

X = Bus Accesses, R = Cycle with 1+ Outstanding Reads.
! (Curtis-Maury et al.200§ 2 (Snowdon et a).2007)
3(Leeetal, 2009 *(Geetal, 2007
°(Freeh et al.2005 ©(Intel, 2007

same amount of time at either CPU clock frequency. This bstihd ratio of change in
execution time to the range .0, 1.42).
The R? value is the standard measure of “fit” for regressions. Fdividual bench-

marks (e.g., Figur&.3.2 error is calculated for each benchmark as follows:

predicted — actual

error = 100 x
actual

For benchmarks as a group, we report the standard deviatithhe @rror values as well
as the mean and median of the absolute error values (e.de 3dp. We list counters

as well as models with the HPMs treated as single-HPM modetder to assess their
contribution. As this is a summary, only principle HPMs oétmodels are listed. For
details of the full models, consult the cited reference.

5.3.2 Discussion

Snowdon et al. created an effective model based on MPC folP¥X&255 proces-

sor (Snowdon et a).2007). This single-issue architecture creates a direct relahq be-
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tween the number of cache misses and the amount of time sp#re bus. In out-of-order
issue architectures, this link in not nearly as strong, amtsequently this HPM is not
nearly as useful. Likewise, papers published by Lee, FreehGe examine performance
of their models primarily on combinations of cache misssatetruction ratesGe et al,
2007 Freeh et a].2005. Despite their wide use, these two metrics metric provitiie |
additional accuracy on out-of-order issue architectufes. example, we report a mean
absolute error of 1.897% for a regression using only bustations per cycle, and adding
both I/C and M/C terms to the regression only reduces the tord.278%.

More recent processors provide HPMs that allow more direeasarement of bus
time. Both Curtis-Maury et al. and Lee et al. take advantdgiese HPMs. Curits-
Maury et al. makes online predictions of IPC in order to sete@r-optimal thread gran-
ularity (Curtis-Maury et al. 2006 while Lee et al. predict execution timéde et al,
2007. The Curtis-Maury model was targeted to a different arepesformance predic-
tion. Here, we strip the model down to the three HPMs that elevant for predicting
performance across changes in CPU clock frequency: busatctions, cache misses and
IPC rates. This modification provides the best regressiodahwe have found in the
literature.

Lastly, the processor documentation provided by Intel sstgythat the Outstanding
Bus Requests HPM be used with a CMASK=1 in order to count thaxaun of cycles with
one or more outstanding readsitel, 2007). We abbreviate this at+ Reads/Cycleor
simply RPC This metric is highly correlated with bus transactions pralides a slightly
improved predictor of performance (mean absolute erra32%). To our knowledge, this
HPM has not been used in any existing work in this area, evaungt its performance is

equivalent to models requiring additional HPMs.

5.3.3 Limitations of current models

Regression-based approaches have a common limitationquiiéy of the prediction
depends on the quality of the training data. If a new programuifficiently different,
the error could be much greater than the regression wouttiusao expect. If the phe-

nomenon underlying the regression is understood in sufficetail, we should be able
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to predict which programs will be the outliers. Current misd#o not provide this level
of understanding.

Figure 5.3.2Illustrates this. For most cases, the RPC predictor workis agewe
would expect from the low reported error and high values in tablé.1 However, both
MG classes A and B are significant outliers, yet class C ofghogiram is not. The BT
benchmarks form another significant outlier. Current msdie not explain these outliers
and cannot predict if a new program will become yet anothdiesuln the next section,
we address these weakness by presenting a novel model giaitgxtakes into account
the out-of-order nature of modern server-class processaiaise this model to create an
improved technique for predicting performance.

5.4 Architectural Model

In the previous section, we showed that performance pliedicising regression-based
models offers only, and at best, good median performangmifiiant error exists at the
outliers and, far more important, a regression does nota@mesuggestion as to why this
error occurs or how this error can be reduced. In this sestiefpresent an architectural
model of the interface between the memory and CPU and apfd\create a consistently
better prediction technique.

We analyze three progressively more realistic architestur
1. Anin-order execution architecture (Figuse2 a-c).

2. An out-of-order execution architecture with a bus cagydanited to a single out-
standing read (Figurg.2 d-f).

3. An out-of-order execution architecture with a bus cafyalonited to an arbitrary
number of reads (Figurg.2, g-i).

We provideinterval analysidor each model usingritical path identificationwhere ap-
plicable. We define these terms in the following subsectiBased on our analysis of
each architecture, we provide guidance as to what shoulddasuned in order to predict

the effects of a change in the CPU clock frequency.
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5.4.1 Assumptions, definitions and simplifications

We define doad as a non-speculative read that results in a last-level caié® Execu-
tion of each load begins with iissueon the cycle when the read begins and terminates
some constant timkatencylater with itscompletionon the cycle when the data arrives
from main memory. We assume the results of the load are redjliy one or more in-
structions further downstream, and that these instrusti@mnot begin execution until the
load completes.

We divide execution into severaitervals An interval begins when any of the fol-
lowing conditions hold:

1. Program execution begins.

2. Beginning execution of instructions immediately foliog the issue of a load. (Im-

plicitly, these instructions do not depend on the compietibthe load.)

3. Beginning execution of instructions that would have k&xton the completion of

a previous load given arbitrarily long latency.
The current interval ends when any of the following condhitidnold:

1. Program execution ends.
2. Aload issues.

3. Any condition indicating a new interval begins.

Intervals map to continuous execution: no interval mapsie spent with the entire CPU
blocked on memory.

We represent individual interval execution durationdagnd a constant memory la-
tency time asl. Interval execution duration is strictly a function of th&Q clock fre-
guencyf. Memory latency remains independentfofThe model allows us to determine
total execution time; from program start to the completion of intenialor a givenf.
Examples in this section use relative frequengieg/2 and2f.

These examples contaim intervals with the following dependences, where— b

impliesb must complete before can begin.:
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e [y — (). The first interval [,, does not depend on any other interval.

e [, — I, 1V, € I ,,_1. Any other interval cannot begin until the previous intérva
completes.

o Iy — {Iy, I,_1}. The firstinterval that depends on a load completif) Cannot
begin untilboththe previous intervall,_;) and the interval that issues the corre-
sponding load fy) completes.

o [ — {I;, Iy 1}Vy € {Iy. _1}. The same holds for every other interval that
depends on a load completion.

We map intervals onto a graph theoretic representation evtier weight of the ver-
texes represents the execution duration of the intervdtge®represent dependences be-
tween intervals, and the weights of the edges represemichat{gvhich will be either zero
or memory latency.). We define the grapbourcevertex as the first interval to execute
and the graplsinkvertex as the final interval to execute. We assume instmusibedul-
ing and dependences are independent of CPU clock frequency.

The length of the longest path (or paths) from source to setlerthines execution
time; these are theritical paths If a node or edge is on the critical path and the weight
(duration) increases, the length of the critical path (allexxecution time) with increase
by the same amount. If the weight decreases that particatarlpngth will decrease by
the same amount. Only if there are no other critical pathsutin the graph at that point
in time, this decreases the critical path. Increasing oresesing weight of nodes or edges
off of the critical path will not affect the length of the dgal path unless the increase is
sufficiently large to place the node or edge on a new, longecalrpath.

Most modern processors use write buffers to hide store neisalfies, making the ef-
fective latency zero. Our model can also be extended to kamdie-bound applications
where write latency is a limiting factor on performance, batnone of the benchmarks
we use demonstrate this behavior, we do not model writessrdibsertation. Our exper-
imental results using cycle-accurate simulation preskemé&ections.5demonstrate that
we achieve significant accuracy despite the above simgldica
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5.4.2 In-Order Execution Model

We begin with a simple, in-order execution architecture.e Tinst three examples of
Figure5.2(a-c) shows the initial interval, terminating in a load, followed by the latency
associated with the load, a second interiahlso terminating in a load, thg latency,
and finally the intervald, and;.. We show this over three CPU clock frequencigs
f,andf/2.

All intervals and latency lie on the critical path: if any @nval or latency period took

longer, the delay would affect total execution time. In terofthe model,

t1/:d0+L+d1+L+d0/+d1/

Changingf results in a proportional change if). Predicting the effect of a change
of f in this architecture reduces to the problem of separatingpdgation time from
blocking time. Given that time spent blocked is both equdhtency L and constant,
accurate prediction can be as simple as counting last-t&ale misses, multiplying by
L, and keeping this amount of time constant and adding to iaineimg time scaled to the
change in CPU clock frequency. If derivirgis difficult, then a simple regression over

misses per cycle will provide satisfactory resunéwdon et a).2007).

5.4.3 Out-of-Order, Single Read Execution Model

We now begin to relax the assumptions for our initial modelcbysidering an out-of-
order architecture that, as in the previous architectua®, anly accommodate a single
outstanding read at a time. This architecture allows exacudf an interval during the
latency incurred by a loa8.2(d-f). Interval [, ends with a load immediately followed by
interval I; during the latency associated withh When thel, load completes], begins
during the latency of;, and when thd; load completes;, begins.

This small change complicates the model.

Ty = do + max(L, d;) + max(L, dy) + dy/
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If the duration of intervalsi, andd, exceeds the duration of the memory latency,
this portion of the program is effectivelgPU bound slowing f will be reflected in a
proportional change t@y,. However, ifd,,dy < L, a change inf will only affect d,
andd;., making the program (partially) memory bound: speeding/wpill improve the
execution time of only a portion of the program. The grapéettetic representation shows
that the critical path through the program also depends athan sufficient computation
exists (or the CPU is sufficiently slow) to fill the time takeyninemory latency.

Making the distinction between “bus time” and “CPU time” &s$ useful on this
architecture. If we make the assumption that there will gahenot be enough out-
of-order computation to fill the time taken by memory lateney can reuse the same
model developed for the previous architecture above. Tineu of loads multiplied by
the memory latency time will give a total time not affecteddhanges to the CPU clock
frequency (assuming further that the changes are smallggmoyprevent phase change
defined below). If these assumptions do not hold, the modktemd to overestimate the
amount of bus time available and underestimate the effdathanging the CPU clock
frequency.

A phase changexists in this example when decreasifgauses intervalg;, dy to
go from being less thah to exceeding., or when increasing causesl;, dy to go from
exceeding. to being less tha.. Given a large enough change in the relation of the CPU
frequency to bus frequency, any execution where loads agept can be made either
CPU bound (when the CPU clock frequency is arbitrarily sl@mative to the bus clock
frequency)) or partially memory bound (where the CPU claekjtiency is arbitrarily fast
relative to the bus clock frequency).

5.4.4 Multiple Read, Out-of-order Execution Model

Figure5.2shows the most realistic architecture: an out-of-ordeceten processor with

sufficient bus capacity to allow multiple outstanding readhkis architecture breaks the
link between load count and “bus time.” Multiple intervabcoccur during the memory
latency of an initial load. Each of these can be terminatedrnther load. This models

server-class processors. Previous models approximatgaesiembedded processors.
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The lessons learned from the previous model hold here as v@@mputation that
occurs during an earlier load’s latency time is effectivédys time”. In this architecture,
however, computation can occur under multiple load laesiciChanging CPU clock
frequency changes the cumulative latency time as well atigespent computing during
latency. Using the model we have developed we are able tade®mmple recursive
definitions of total elapsed time.

ty = dy
ty, = do+d;
b = S
ty = ;r:l;x(to + L,t, 1)+ dy
ty = max(t + L, ty) + dy

b1 = max(tn—l + L7 tn’—Z) + dn’—l

If interval durations are arbitrary, this mathematical aggtus will be of limited
use. In practice, however, interval durations tend to bd lmmogeneous and short
(due to limited instruction-level parallelism exploitabby the out-of-order core). To
incorporate this into our model, we assume intervals are ofrestant size such that
Vi € Iy n-10.n-1,d; = c. Given this constraint, we now have a direct solution to the
prediction problem. -} d; < L, thent,_; = dy + L + X5, Alternatively, if
Sy di > Lo thent, = Y0 d + X7

This captures two intuitions that are obvious from our ecgtion of our model. If
there exists sufficient computation to completely fill thaddatency of the initial load,
then the CPU is never completely blocked waiting for memany o long a§~";' d; >
L holds) execution time will be a function of CPU clock speeawdver, if there is not
enough computation to fill the latency incurred by the initied, then the critical path

of the graph proceeds throudh, its latencyL, and finally/y_,._,. Changing the CPU
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clock frequency will affect the duration of any of these intds (so long a8 d; < L
holds), butnhotintervals/; ;.

5.4.5 ThelLeading LoadTechnique

The above forms a rigorous description of a simple (albeit-abvious) idea. For a set of
intervals as we have defined them, thes timds exactlyL for the >-7'-;' d; < L case and
exactly zero for the_7— d; > L case. The latter case is sufficiently uncommon that we
are able to disregard it with negligible effect on the moslatcuracy.

The former we measure as follows. We have a state variable
Leadi ngLoadPr esent initialized to zero and a.eadi ngLoadCount er also
initialize to zero. The first load issued (resulting in a {kstel cache miss) changes
Leadi ngLoadPresent to 1 and incrementdeadi ngLoadCount er. Neither
variable is affected by an further loads until the initiahtbcompletes. At this point
Leadi ngLoadPr esent is reset to zero and the process continues at the next load.

Thebus timeof the program now becoméds x LeadingloadCounter. We hold this
duration constant and scale the remaining program exetctitiee proportionally to the
change in the CPU clock frequency. The sum of @i timeandbus timebecomes the
predicted execution time at the chosen frequency. Givgrmparcent difference in CPU

performance, we formalize this as:

Predicted Execution Time = Observed Bus Time + p x Observed CPU Time
Observed Bus Time = L x LeadingLoadCounter

Observed CPU Time = Observed Execution Time — Observed Bus Time

We implemented this model in a cycle-accurate simulatorfandd it to be superior

to the best existing models over synthetic, architecturdlscientific benchmarks.
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5.4.6 Implementation Issues.

It is beyond the scope of this dissertation to give a detaitegosal of how to implement
this hardware performance monitor (HPM) silico. However, we expect an eventual
implementation should be relatively simple. We begin byiagdn extra bit to every
entry in the load/store queue. Insertions into this queweklio see if any entry in the
gueue has this bit set. If none do, the bit on the new entrytibigh. While any entry
has a high bit, aheadi ngLoadCount er HPM increments once per cycle. When the
load completes, the bit on the entry is reset along with thearader of the entry and the
HPM no longer increments.

As described above, we would prefer to only count leadingl lv@ere the sum of
the interval durations are less than the latency. It may Issipte to extend this imple-
mentation so that theeadi ngLoadCount er is only incremented if there exists both a
leading load and a core-wide, memory-related stall cyctevben issue and completion.
Disambiguating memory stall cycles from other sourcesalf sn be problematic at best
and it may be that the extra accuracy gained does not jukihatiditional cost. We plan
to quantify this additional accuracy in future work.

We wish to emphasize that the implementation does not reqy knowledge of
intervals, durations or critical paths. These idea aregresnly in the model. Deter-
mination of dependences and instruction ordering aheacexfugion along with cache
modeling requires a prohibitive amount of complexity if @ooffline and a processor’s
worth of complexity if done online. The advantage of our nmdigs in abstracting away
all of this complexity into a single counter while retainirgmnaining accurate enough to

outperform existing approaches.

5.5 Evaluation of théeading LoadS'echnique

After a thorough exploration of available hardware perfanoe monitors (HPMs) we
were unable to find a combination of metrics that could apjpnate our concept of
Leading LoadsIn this section we show how we validated this approach téopmiance

prediction using the PTLSim cycle-accurate simulator.
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5.5.1 Experimental Setup

The PTLSim Simulator Validation of this technique requires a cycle-accuratepss
sor and cache simulator. We chose the PTLSim simulator awnle th& necessary changes
to the source code to identify and to track leading loadss Ehnulator uses a compile-
time setting to specify the memory latency: the number of Gdes taken by any
last-level cache miss. Assuming that memory bus frequenanaffected by changes to
the CPU clock frequency, we can simulate changes in the CBtk ¢tequency simply
by changing the number of cycles of memory latency (fastad £l the same time with
more cycles). As the unit of time in the simulator is the cyatal as this cycle does not
have a defined duration, we predict execution time &Hz given measurements taken

at2n Ghz. In other words, we predict performance for a processoning half as fast.

Benchmarks We used three benchmarks sets for the simulations: siregbgibns of 20
instances of the NAS Parallel Benchmark suite classes Syf\A&C; complete runs of 28
instances of the SpecCPU 2006 benchmarks usingthtelass; and 170 unique instances
of a synthetic benchmark that we created to increase testrage. While these results
are not directly comparable to the results obtained on thkel leon, we show similar
behavior across HPMs measuring misses, instructions andymles and compare these

to the leading loads technique.

Regression Models For each of the prior models, we calculate results via limegres-
sion for each benchmark sets and the combined NAS ParaltediBearks and SpecCPU
sets. The model-wide results use standard error, and tbedarindividual results is cal-
culated as described in sectiéB. Because we effectively use the same data for both
testing and training, we expect the error of the regressiadets to be higher in practice.
These results should be considered as a lower bound of pdtenbr rather than as an
accurate estimate of how these models would perform in thlewerld. Table5.2 sum-
marizes three single-variable regressions (read cyc2gache misses and instructions)
as well as a regression combining all three variables (RMI).
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Table 5.2: Evaluation dkading loadsusing PTLSIim

Mean Median | Standard

Absolute | Absolute | Deviation

Model Benchmarks || R? Error Error of Error
(R) Read Cycles all 0.9446| 1.935 1.412 2.597
(M) L2 Misses | all 0.3324| 6.648 4.814 10.010
() Instructions | all 0.6211] 5.551 4.651 7.652
RMI all 0.9727] 1.470 1.058 1.901
RMI npb+spec 0.9865| 1.894 1.929 2.180
RMI npb 0.9934| 0.888 0.760 1.277
RMI spec 0.9762| 1.232 0.915 1.666
RMI synth 0.9738| 0.992 0.744 1.348
Leading Loads | all nfa | 0.293 0.205 0.434
Leading Loads | npb+spec n/a | 0.311 0.118 0.638
Leading Loads | npb n/a | 0.122 0.095 0.108
Leading Loads | spec n/a | 0.446 0.166 0.829
Leading Loads | synth n/a | 0.288 0.225 0.353

Leading Load Models Leading load models do not use regression. Instead, wedecor
the number of total cycles and leading loads at frequémcgnd use this to predict ex-
ecution time at frequency. Table5.2 summarizes the resultdNote that the error of
individual leading load experiments is completely indegeent of the results of any other
experimentBecause we require no training data, the error is not deperatesurround-

ing results.

5.5.2 Discussion

The first third of Tables.2 provides a reference point for judging the remainder of the
results. As in the results obtained from the Xeon processerpbserve models based
only on cache misses or instruction counts perform poorlgnvbompared to a model
based solely on bus cycles. Combining all three HPMs givéiglat smprovement over
the bus-cycle-only model, so we use this model in the renggiintithe experiments. The
middle third of Table5.2 demonstrates the synthetic benchmarks are roughly asutliffic
to predict as the NPB benchmarks.
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The final third of Tables.2 shows the effectiveness of leading loads in performance
prediction. Error decreased across the SpecCPU suite fra&2% to 0.445%, and error
decreased across the NPB suite from 0.888 to 0.122. We hswémken out the combi-
nation of NPB and SpecCPU to show how our technique perfoorssa all third-party
benchmarks. Mean error changes from 0.311% to 0.118%. A@ib218 experiments,
error decreased from 1.470% to 0.293%. We show individusdiite from this set in

Figure5.3.

5.6 Related Work

This research is at the intersection of several disparatsfiaf study. The problem of
energy as a design constraint in high-performance comgpunas led to the use of low-
power processors in high-density supercomputers. The tast motable examples of
this are Blue Gene/LGara et al. 2005 and RoadrunnerBarker et al. 2008. DVFS
complements these efforts. This technique has been appliddtermine the most ef-
ficient per-program allocation of processors and frequen@pringer et al. 2009 as
well as to application-oblivious runtime algorithnS€ et al, 2007, Freeh et al.2008h
Rountree et al.2009. These applications have been limited by the absence dibbles
predictive model of program performance under changes id €IBck frequency. Work
in bounding potential energy savings required completgiaum execution at every fre-
guency Rountree et a].2007), and runtime algorithms commonly assume all slowdown
is scaled slowdown until demonstrated otherwRe|ntree et al 2009.

Several predictive models have been proposed, usuallynnogaation with predicting
system energy. Snowdon et &rowdon et a).2007) begin with a component model that

sums coefficients over frequencies as follows:

o Ccpu + Cbus + Cmem +
f cpu f bus f mem

Both bus and mem coefficients are derived using linear regressions over\iarel

T

performance monitors (HPMs). Their work focused on the PE&processor. Because

this processor has only fourteen different HPMs, an exinaisearch was possible. Us-
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ing several applications from the MiBench suite, the awugltmtermined thadata cache
missewvas the most effective single hardware performance mo(ttBiM) to predict per-
formance at another frequency, and the best dual-HPM eesdte achieved by adding
TLB missesThe next most effective HPMs wedata cache buffer stallanddata depen-
dency stall cycles

The model used by Lee et al. is simple and effective. The sypts instruction
(CPI) at target frequency’ is predicted using”’PI and Memory Instructions at ref-
erence frequency. The HPMs used to approximate these on the Pentium-MNwe
STRUCTIONSRETIREDandBUS TRANSMEM. This work targets both energy savings
and execution time at a lower CPU clock frequency. Whileatife for non-HPC bench-
marks, the results in Sectidn3 show that using bus transactions lead to at least a 4.5%
error, and combining this with other metrics such as ingtouccounts and miss counts
does not lead to a significant improvement.

The work of Ge et al.Ge et al, 2007) begins with a complex model that interrelates
CPU-bound time«,,,), cycles per instruction{ P1,,,), memory time and latencyu,c,,
andt,...., respectively), 10 and idle timée {, andt, respectively) as well as an overlap
factor for CPU and memory timey.

Curtis-Maury’s work Curtis-Maury et al. 200§ develops the most sophisticated
model of the several existing ones Their model is the onlytbaéhandles the multicore
case and focuses on identifying and predictisgful Instructions Per Cyclg./ PC). The
HPMs are selected not by an exhaustive search through aigpesombinations, but by
using a multivariate analysis to determine the contributitade by each HPM individ-
ually. For the single-hyperthreaded case, the HPMs seldiien those available on the
Pentium 4 arecycles active, L2 cache misses, branches retired, TC deheele, mem-
ory accesses cancelled, double-precision SIMD uops, madtiears, stall cycleand
instructions retired Experiments were conducted on the NAS Parallel benchmaté,s
but as in the case with the other models, predicted time atldrequency was not ex-
plicitly evaluated. Li and Martinez § and Martinez 2006, who usel/ PC' and iterate to
converge to the solution, and Contreras and Martor@snfreras and Martonqs2005,

who use regression over HPMs to predict CPU and memory power.
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We have taken a different approach. Our interval analysissigired by the work of
Eyerman et al.Eyerman et a.2006 2007) in designing HPMs for accurately calculating
IPC stacks. While both their work and our work study the @feaf cache misses on
performance, their work focuses on the effects across theggsor pipeline for a single
frequency. Our analysis focuses only on a single sectioh@ptpeline, abstracts away
IPC, and answers the question of which existing HPMs can firestict performance
across multiple CPU clock frequencies.

We also use a much different definition ioterval. Eyerman et al. use the term to
define the execution of some significant number of instrostioWe adapt the term to
be the time between load events, whether issue or complefiois definition allows us
to reduce the question of slowdown to the sum of intervald wia slowdown combined
with the sum of intervals with scaled slowdown. The end resusimilar to Duester-
wald’s work Duesterwald et al2003 on cross-metric prediction. Predicting change in
execution time is equivalent to predicting change/ iAC, and we have found a set of
metrics that correlate well to this.

5.7 Conclusions and Future Work

To this point, HPM-based models for predicting the effed¢tshmnges in CPU clock fre-
guency could be classified as either (1) high-level modeth significant error or (2)
exhaustive-search models that could not provide an exptanas to why the chosen
counters predicted as well or as poorly as they did. In thesetitation, we have provided
a detailed architecture model of the relationship betweBit €lock frequency, mem-
ory usage, and performance. We have validated this modebaiware using realistic
scientific benchmarks that stress both the memory and CPEystdms. We have con-
structed an architectural model that has provided additiorsight for a novel counter,
leading loads, and validated this counter under simulatié®a have observed improve-
ment across all benchmarks, and this improvement is indbgrgrof any issues of training
set quality. Finally, our model allows us to analyze thesalts and provides a framework
for research on further improvements.
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The first such improvement is in modeling the change in theberof leading loads
as a function of the difference between the observed anétt@BU clock frequencies.
While this change is minor, it does contribute to the remrajnérror. Given a small
amount of additional complexity in the model, we may be ableetiuce this impact.

The next improvement will handle the multicore case. All of denchmarks exe-
cuted on a single core. We expect that leading loads can leaded to multiple cores,
but the memory model of PTLSim is not sufficiently detailecstmw the effects of bus
contention. Researching this may require moving to a dgifiesimulator or contributing
improvements to PTLSim.

Whole-program analysis is a useful first step, but ultimetteis technique is intended
for runtime systems where decisions on changes in CPU cleduéncy are made on
a millisecond-by-millisecond basis. Reducing the graritylawill inevitably increase
worst-case error, and the benefits of improved predictionld/be made far more useful
if the runtime system could assign a confidence level to eesttigtion.
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CHAPTER 6

SUMMARY AND FUTURE WORK

In this chapter we summarize the contribution made by thearef presented in this

dissertation. We then detail how we could extend this work.

6.1 Summary

Most parallel computing research can be reduced to theignéstow do | get the answer
to my problem faster?”, which is a special case of the moreggmuestion “How do |
get the answer to my problem more cheaply?” (given the caibvigy of time to units of
currency). Current best practice assumes that each comploag a fixed cost and a fixed
level of performance. In cases where the initial equipmertiay dominates operating
cost, this is an acceptable assumption.

The research presented in this dissertation targets thegsingly common case where
operating costs are greater than hardware costs. In thés pasvisioning a supercom-
puter for rare peak performance wastes both equipment agrctdpg resources when the
system operates at less than peak efficiency. If the perfizenaf components can be
adjusted on the fly, and reducing performance reduces apgredsts, then it may be
cost-effective to tune performance (and cost) to meet theeouload on the system.

Specifically, this dissertation has focused on tuning CPifbpmance at the processor
level. Lowering performance (measured in CPU clock freqygiowers cost (measured
in energy consumed by the processor). Doing this indisorataly results in longer time-
to-solution and does not necessarily save any energy. Bigldoyifying thecritical path
of execution, this research has shown that supercompuéerde tuned at runtime to
match the performance required by the application with ardgligible impact on time-

to-solution.
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To accomplish this, this dissertation has made the follgmiavel contributions:

1. An execution model that allows identification of the cati path and near-optimal

offline scheduling of changes in CPU clock frequency,

2. An architectural model that allows precise and accuregdiption of the effects on

performance of changes in CPU clock frequency, and

3. Translating the execution model into a runtime systen pheserved most of the

energy savings while treating the program as a black box.

6.2 Future work

The strength of this work lies not so much in the amount of gneaved as in the tech-
niques that were developed to save that energy. These tgescan be applied to more
general problems as we illustrate below.

6.2.1 Performance Prediction

While much recent research has focus on performance piedias a function of pro-

cessor count or CPU clock frequency, most has used a leveholiarity of the whole

program and has at best only dealt with phases. By prediatutigidual, per-processor
task behavior as a function of processor count, we will be &bpreserve the information
necessary to identify the critical path of execution, angstexecution time. Integrating
this with CPU clock speed and energy awareness will allowsusedetermine the ideal
number of processor to request for a given job as well as aligadministrators to charge
the users only for the performance required.

To do this, several program characteristics must be predtict

1. Communication Call PathChanging the number of nodes can affect the path of
program execution, and the effects will not necessarilyhgesame across all pro-
cessors. We must not only predict how call paths change, Ibatpedict which
added processors will get which predicted call paths.
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2. Communication Call Parameterd.he amount of data to be transfered as well as

basic communication patterns can change as a function otiiméer of processors.

3. Communication Execution Timé&imilar MPI calls with similar parameters may

take longer to execute as the number of processors increases

4. Computation TimeOne of the strengths of the work presented in this dissertati
has been the absence of any required source code annoi&®omish to carry this
strength over to performance prediction and treat comjuutdtetween MPI calls
as a black box.

5. Per-frequency EnergyAs the number of processors changes, the load placed on the

processor, memory and interconnect changes as well.

Given these predictors, we can begin to think about not ooly to schedule pro-
cessor counts and CPU clock frequencies for individual ,jddag also how to design
supercomputers to take advantage of this level of optinaaat

Capturing the above requires trace analysis, and prediatahividual portions of the
traces would be a novel contribution. Zhai et al. have createechnique to predict
performance at processors given a communication trace fremprocessors from a dif-
ferent machineZhai et al, 2010. Barnes et al. predict performance rafprocessors
given performance characteristicsrat << n processors using regression over compu-
tation and communication time as well as input parametasnes et a.2008 2010.
Midorikawa’s work on PEMPIs has some similarities to thipagach in that it uses a
graph theoretic model to summarize the results of statignam analysis. The used this

analysis with measured execution characteristics to prédP| performance at larger

node countsNlidorikawa et al, 2004. Prediction of MPI message types and size has

been explored by Freitag et al iRrgitag et al.2003. Sulistio et al provides a taxonomy
of simulation approaches to performance predicti®ulistio et al, 2002).
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6.2.2 User and Compiler Guidance

Up to this point, our techniques have assumed that progranpatation is a black box.
While hardware performance monitors can characterize dbmputation, no other in-
formation is required in order to save energy. However, tifecgveness of the runtime
system in particular relies on accurate prediction of upicgncommunication and com-
putation, with most of the observed delay coming from corapoah mispredictions. It
may be possible for the user, the compiler, or both to profidés to the runtime system
ahead of execution that may be difficult or impossible to mted hese hints could lead
to both a further reduction in delay and energy consumption.

Hsu’s work in this area focused on source-to-source tramsfton using SUIF2
to choose regions of code where slowdown would have minimmgdaict on perfor-
mance Hsu and Kremer2003. Saputra used loop-level optimization and integer
programming to allow the compiler to choose both static agdadhic power lev-
els Saputra et a).2002. Valluri et al. focused on compile-time prioritization of-
struction scheduling in order to reduce energy consumgWahuri et al., 2005, and Wu
explored the effects of using DVFS in a dynamic compilatiori®nment Wu et al,
2005h. Finally, Xie presents an compiler-level analytic modeimira-program DVFS
effectivenessXie et al, 2004).

6.2.3 DVFS, Overclocking and Multicore

Determining the correct level of thread granularity is a Mmemal prob-
lem (Curtis-Maury et al. 2006, and it can be further complicated given per-core
control over DVFS. If one core can be overclocked but onhyhatéxpense of other cores,
how does this affect bounding energy savings, runtimezatdin of those savings, and
how processes are assigned to CPUs? This question appeiarslidate the linear
programming approach, as CPU clock frequencies are no toingependent. One
possible solution is scheduling groups of threads rathan timdividual threads and

allowing the operating system to sort things out at the psaelevel.
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6.2.4 Adoption of Policies

Perhaps the most difficult problem lies with convincing sepenputer users that
performance-at-any-cost is not only inefficient, but reskithe amount of work that they
can do. Given a supercomputer that has been budgeted to fastas possible during
its expected lifetime, it would not be surprising to find sezluctant to slow down their
programs for the sake of savings on the institution’s eletttl. We could charge users
per kilowatt hour as well per node hour, but even in this sitwethe default behavior will
probably be running as fast as possible.

To change this attitude, supercomputers might be prowelamith more cores than
can be run at the highest CPU clock frequency, but such thebes can execute at the
lowest possible CPU clock frequency. In either case, alvigioned power is utilized,
but the power is scheduled to optimize for execution time $ket of cores is scheduled
to execute at a higher CPU clock frequency, this might regturning other cores off
completely.

The user now has a much more interesting choice: pay for modesor pay for
faster nodes, but not both. Springer investigated the barieslof this tradeoff using the
NAS Parallel Benchmark suite on a small number of no&siager et al.2006. Given
this scenario, the user has far more incentive to use tatg2¥#-S to speed up the nodes
on the critical path while keeping the loss of useful nodea minimum. This approach
should result in a machine that is used far more efficientig, that is the ultimate goal of

this research.
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