ABSTRACT

LIM, MIN YEOL. Improving Power and Performance Efficiency in Parbdad Distributed Com-
puting Systems. (Under the direction of Dr. Vincent W. Freeh.)

For decades, high-performance computing systems have focusedeasimg maximum
performance at any cost. A consequence of the devotion towardsrgppsrformance significantly
increases power consumption. The most powerful supercomputerseregp to 10 megawatts of
peak power — enough to sustain a city of 40,000. However, some of that poay be wasted with
little or no performance gain, because applications do not require pefdtrpance all the time.
Therefore, improving power and performance efficiency becomeobtiee primary concerns in
parallel and distributed computing. Our goal is to build a runtime system thatncierstand power-
performance tradeoffs and balance power consumption and perfagmanalty adaptively.

In this thesis, we make the following contributions. First, we develop a MRimansys-
tem that can dynamically balance power and performance tradeoffs iapfpftations. Our system
dynamically identifies power saving opportunities without prior knowledgriabystem behaviors
and then determines the best p-state to improve the power and perfornffisieaay. The system
is entirely transparent to MPI applications with no user intervention. Sevamdevelop a method
for determining minimum energy consumption in voltage and frequency scalstgrsyg for a given
time delay. Our approach helps to better analyze the performance ofificsp®¢-S algorithm in
terms of balancing power and performance. Third, we develop a pawdiction model that can
correlate power and performance data on a chip multiprocessor machinenddel shows that the
power consumption can be estimated by hardware performance couiitersagsonable accuracy
in various execution environments. Given the prediction model, one can anakdime decision
of balancing power and performance tradeoffs on a chip-multiprocesschine without delay for
actual power measurements. Last, we develop an algorithm to save ppagndmically migrat-
ing virtual machines and placing them onto fewer physical machines dieygenad workloads. Our
scheme uses a two-level, adaptive buffering scheme which resen@ssping capacity. It is de-
signed to adapt the buffer sizes to workloads in order to balance perioewélations and energy
savings by reducing the amount of energy wasted on the buffers.iBuliasion framework justifies
our study of the energy benefits and the performance effects of thethig@long with studies of

its sensitivity to various parameters.
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Chapter 1

Introduction

In the past decades, the “performance only” paradigm in high perficenparallel and
distributed computing systems tends to increase performance at all cogtsatt€htion given to
increasing computing performance has resulted in excessive powgs uséwvo ways: drawing
more power by CPU itself and dissipating more heat generated by CPU. Agaample of the
problem that is faced, several years ago it was observed that octineint trend, the power density
of a microprocessor will reach that of a nuclear reactor by the yedd P]J1 According to Eric
Schmidt, CEO of Google, what matters most to Google is not speed but low poseause data
centers can consume as much electricity as a small city. The 10 most postgy&rtomputers on
the TOP500 List (www.top500.0rg) each require up to 10 megawatts of pa&&r — enough to
sustain a city of 40,000 [3]. As a result, power-aware computing has leeegnized as one of
critical research issues in parallel and distributed computing systems.

Our goal is a system that can understand power-performance timdadfbalance power
consumption and performance. The system collects relevant data at ramthealuate the trade-
offs using empirical observations. Then, it dynamically and efficientlyngka the execution en-
vironment of running an application in order to improve power and perfooa&fficiency. This
thesis shows our accomplishments to achieve our goal.

In this work, we develop and evaluate several systems that can undkedsferent power
and performance tradeoffs by characterizing application behavidrska advantage of these char-
acteristics. Our systems figure out the tradeoffs at runtime and make tiolbes saving decision
on the fly among available power saving techniques. We show that the\adapthods achieve

improving power performance efficiency with minimal performance penalty.



1.1 Power and performance tradeoffs

Unfortunately, the “last drop” of performance tends to be the most esiyenOne reason
is power consumption, because dynamic power is proportional to the girofithe frequency and
the square of the voltage. A simple model of dynamic power consumption (®)#U imple-

mented in CMOS technology is approximated as follows:
P~ACV?f + L

where C is total capacitance, A is CPU activity, f is frequericy,is the square of voltage, and
L is leakage by static power. In recent computing systems, the static pos@mbs a significant
component of total power dissipation [4]. It can be comparable to dynaswiitching) power in
future technologies. Reducing the static power, however, is a hardisaign issue.

Energy consumption (in Joules) is measured by integrating the productimstahta-

neous powerR(t)) by time;

E:/tQP(t) dt

t1

To dynamically balance the concerns of power and performance, méiteatures have aggressive
power controls. Because architectural advances for raw perfaenamprovement are accompanied
with more power usage, several power-aware computing technique$bam introduced to control
both power and performance dynamically. For example, many microparseskow frequency
and voltage scaling on the fly, which allows the application or operating systpnovidedynamic
voltage and frequency scalin®VFS). DVFS is a popular and effective technique, performed in
adjusting a power-performance tradeoff because CPU is the major mmmsumer in a single
node, consuming 35-50% of the nodes’ total power [5]. We denote passible combination
of voltage and frequency a processor statep-statel While changing p-states has broad utility,
including extending battery life in small devices, the primary benefit of DVE&is when the p-
state is reduced in code regions where the CPU is not on the critical patiuclhna case, power
consumption will be reduced with little or no decrease in end-user perfagnan

Figure 1.1 shows the energy-time (or, equivalently, power-perforejanadeoff graphi-

cally. The rectangular area in Figure 1.1(a) shows the energy consumaptlemhighest frequency.

!The p-state is a processor performance state defined by AMD, whigeisaic term defining possible combinations
of voltage and frequency. The CPU scaling represents the transitiestaf@ In this paper, lower p-state indicates higher
CPU frequency, meaning faster speed.
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Figure 1.1: Effect of DVFS in energy consumption

On the other hand, Figure 1.1(b) shows the change of energy consonptiolower frequency
after p-state transition. Once we scale the CPU voltage and frequendyicadcop in power usage
occurs. However, the performance decrease is at most linear wittefregueduction, which (usu-
ally) increases overall execution time. So, the overall energy savimgseceealized only if cost is
less than benefit. In high performance computing, Energy-Delay PrgaDé) is commonly used
to evaluate the power-performance tradeoff. This metric is more biaseddtewacution time than

the Energy metric. In this research, we use different metrics dependitigeocharacteristics of
applications.

1.2 Accomplishments

Our goal is to balance power savings and performance penalty in pamatietributed
applications by exploiting various power saving techniques. This dissertaiitsists of five related
projects that we accomplished. Each project plays a vital role as a steppirgo the goal. Chap-
ter 3 describes a MPI runtime system that dynamically reduces CPU fregaad voltage during
communication phases in MPI programs. It dynamically identifies such plaasesvithout pro-
filing or training, selects the CPU frequency in order to balance powdoipeance tradeoffs (i.e.,
energy-delay product). All analysis and subsequent frequendyaltage scaling is performed
via MPI profiling interface and so is entirely transparent to the applicatidrnis Mmeans that the

large number of existing MPI programs, as well as new ones being dexklopn use our system



without modification. Results show that the median reduction in energy-dedaygt for twelve
benchmarks is 8%, the median energy reduction is 11%, and the mediarsenorexecution time
increase is only 2%.

In Chapter 4, we determine minimum energy consumption in voltage and fregaeal-
ing systems for a given time delay. As we mentioned earlier, The benefit BEDMries by work-
load characteristics in code regions. Therefore, it is difficult to evathateffectiveness of a DVFS
scaling algorithm. Our work establishes the optimal baseline of DVFS schgdalimny applica-
tion. Given the baseline, one can better evaluate a specific DVFS techiméuassume we have
a set of discrete places where scaling can occur. A brute-force soigtiotractable even for a
moderately sized set (although all programs presented can be solvedenlittutb-force approach).
Our approach efficiently chooses the exact optimal schedule satisfyrmgividn time constraint by
estimation. We evaluate our time and energy estimates in NPB serial benchriterkise results
show that the running time of the algorithm can be reduced significantly witlalgorithm. Our
time and energy estimations from the optimal schedule have high accuraap WitB% of actual.

Chapter 5 describes an internal power meter that provides accuratgyéimed measure-
ments. The above projects use the entire system power consumption to\gtremtffectiveness.
However, the power consumed by each component within a system actaaélg during program
execution. External power measurements do not provide informatiort aRbmihe individual com-
ponents utilize power. The fine-grained monitoring of the prototype is etealand compared with
the accuracy and access latency of an external power meter. Tlits stgw that we can measure
the power consumption more accurately and more frequently (about 5Qiresents per second)
with low power monitoring overhead (about 0.44 W). When combined with terieal power meter,
we can also derive the power supply efficiency and the hard disk poavesumption.

Chapter 6 describe how to estimate the power consumption with performatecelsa
served in a system. For this prediction model, we profile the power andrpenfice data when
running multi-threaded applications on multi-core architecture and then ehtaltiswer predic-
tion model using a regression method. We evaluate and analyze the gcofitacs prediction
model.

In Chapter 7, we develop a power-aware domain placement solution inlizedaystem
environments. This technique saves power by dynamically migrating virtudlinescand packing
them onto fewer physical machines when possible. We perform a simuldtidy sn this tech-
nique to demonstrate the power and performance changes and evalubtatinauch our approach



outperforms in terms of energy savings.

In Chapter 8, we conclude our research by summarizing our accomplishnadso, we
present future research directions in our research area. In adoitio@ previous accomplishments,
we still strive for improving runtime adaptation of power-performance ilberapplications. The
adaptation will achieved through continuous power and performance mmaogitoy primarily ex-
ploiting DVFS. We also plan to explore various adaptation technique, suile asimber of active
threads in OpenMP applications if useful.

1.3 Contributions

In this work, we make the following contributions. First, we develop a MPlinua
system that can dynamically balance power and performance tradebdffaliapplications by min-
imizing energy-delay product. Our system dynamically identifies power gapportunities with-
out profiling or training and then determines the best p-state to improve ther pma performance
efficiency Our system is entirely transparent to MPI applications bedauseks within MP1 li-
brary.

Second, we develop a method for determining minimum energy consumption ige/olta
and frequency scaling systems for a given time delay. Our method effic@tbses the exact opti-
mal schedule satisfying a given time constraint by estimation. Our appreduhto better analyze
the performance of a specific DVFS algorithm in terms of balancing poweparformance.

Third, we develop a power estimation model that can correlate power afaimpance
data on a chip multiprocessor machine. According our evaluations, thigtiwadnodel is reason-
ably accurate to predict power consumption only with performance dataimugeexecution con-
figurations. While running an application, one can make a fast decisiooveérpand performance
adaptation by using performance data, because there is no delay falr@miter measurements.

Last, we develop an algorithm to save power by dynamically migrating virtuahimes
and placing them onto fewer physical machines depending on their perfice needs. Our scheme
uses a two-level, adaptive buffering scheme which reserves pnogespacity. It is designed to
absorb workload surges to avoid significant performance violationge wdducing the amount of
energy wasted on the buffers. We also develop a simulation framewodkif@tudy of the energy
benefits and the performance effects of our algorithm along with studiess#nsitivity to various
parameters.



Chapter 2

Background

Power and energy savings have been one of main issues in many compa#agch area.
In this chapter, we describe the related work by making two parts in ordestrite diverse ways
of previous research. First, we summarize prior work for power savmgiobile / server systems.

Then, the power savings research focusing on HPC systems aratpokse

2.1 Energy savings in server systems

Originally, much work in energy savings has been aimed at the systems #ratepn
energy-constrained devices, such as mobile systems. The goal is topgaveefficient energy
savings algorithm either through dynamic voltage and frequency scalWigRI6, 7, 8] or through
disk / network control [9, 10] while, at the same time, satisfying systemireaents. In this
dissertation, we focus on energy savings in parallel and distributedrssrstems, instead of mobile
systems. This research is complementary to ours and provides a worthwididenge.

Several projects have also examined energy savings in server sysa@gly savings
has become one of the biggest concerns, especially those sites wheckdraer farms, such as
hosting centers managing sufficiently large numbers of machines. In tileseenergy manage-
ment may become an issue; see [11, 12, 13] for examples of this using comerkloads and
web servers. Such work shows that power and energy manageneeatitazal for commercial
workloads, especially web servers [14]. Additional approaches baen taken to include DVFS
and request batching [15]. The work in [16] applies real-time technituegeb servers in order

to conserve energy while maintaining quality of service. Recent work in comiahesystem area



evaluates the impacts of DVFS in terms of quality of service as well as powisigsa One is to
propose a DVFS algorithm meeting the end-to-end delay constraint in wedrs¢l7]. The other
[18] shows, given tolerable response time, the possible power saviagd/ab server testbed. The
paper [19] proposes a framework for improving the aggregate thpuiddy controlling the power
allocation in multiple system under a certain power limitation. The papers [2GHi§ that effi-
cient algorithms for server load balancing can be one promising solutiothedsther hand, various
methods have been proposed to achieve energy savings by applyieggmalable components to
either CPU or disk, which are two major power consumers [22]. Most iamkses on leveraging
power (energy) performance tradeoffs under given conditions asanaximum bound of power
consumption and tolerable performance.

In server farms, disk energy consumption is also significant; sevevapgrhave studied
reducing disk energy by reducing disk access speed or by varyintgitg\elevel €.g, [23, 24, 25]).
The approach in the paper [26] infers disk access patterns of appticaiilo program counters,
which can allow avoidance of unnecessary disk energy consumptiaur work, we do not con-
sider disk energy savings as it is generally less than CPU energyjabp#scientific programs
operate primarily in core.

Our work differs from prior research in that it focuses on HPC systeimish execute
scientific applications specifically, rather than mobile devices or commercisrse Commercial
workloads vary over time. Therefore, energy management is ofteorpetl by a conservative
method which is used according to the service load. On the other hand, p{ifiCaions often
have regular patterns and they are more predictable than commercial aggkl@ur work aims
at efficiently applying DVFS with imposed time delay in a fine-grained way to maximinezgy
savings effect. Thus, the prior research in disk energy managememh@ementary to ours.

2.2 Energy savings in HPC systems

The most relevant related work to this dissertation is in high-performareegrpaware
computing. For decades, performance improvement for both systemgplichtions has been the
only major consideration in HPC research areas. Consequently, it ctbgultke advent of large
scale power consuming clusters, which causes substantial energyHewste, much research for
power awareness in HPC community has been introduced recently.

For power analysis, Fengt al. [27] performed a power profiling on a cluster system by



deploying digital multi meters. The profiling framework isolates 10 power panuisiding CPU,
memory, disk, and network and profiles power changes while running bermamarks. Although
its profiling approach is similar with ours, the approach is not flexible in thattheitoring frame-
work is dedicated to its testing cluster machines. The paper [28] introdubgsaanic compilation
technique of HPC applications to reduce power consumption. This wotlsésconly on 1/O op-
timization in order to save both time and energy. &al. [29] uses a variety of different DVFS
scheduling strategies (for example, both with and without application-sp&oifiwledge) to save
energy without significantly increasing execution time. Follow-on workdavesrgy while limiting
the execution time overhead to a user-specified amount [30]. A similar rureffioré is described
by Hsu and Feng [31]. The prior work at NC State is fourfold: an evaloebased study that fo-
cused on exploring the energy/time tradeoff in the NAS suite [32], developofean algorithm
for switching p-states dynamically between phases [33], leveraging loaalami® by inter-node
bottleneck to save energy [34], and minimizing execution time subject to a chrstegy constraint
[35]. Another recent work [5] exploited inter-node slack time to redum@gy consumption. The
algorithm automatically identifies idle time at the end of each iteration and then Htegosstate
for energy savings. This is an effective approach, especially in adobdlanced job execution,
such as N-Body simulation.

The above approaches strive to save energy for a broad clasieofifsc applications.
Another approach is to save energy in an application-specific way; kyo&henet al. [36] used
this approach dedicated to a parallel sparse matrix application, and H3(reimer [37] leverage
the memory bottleneck of HPC applications.

Recently, Curtis-Mauret al.[38] developed an adaptive concurrency control framework
in OpenMP applications. This utilizes multiple thread-to-core mappings in multi-aamigitec-
ture. This approach establishes a performance model for accuragz-pewormance prediction.
Their following work [39] expands the approach by integrating DVFSeyTachieved good power-
performance adaptation on multi-core architecture. However, theresexistal limitations. First,
the approach only can be applied for OpenMP based applications. gebenadaptation needs
priori information that is used to train a system for accuracy. Differemintyis required on a dif-
ferent machine. Third, they do not provide in-depth analysis regaittiieig power-performance
adaptation they achieved.

In addition to designing energy saving algorithms, determining the maximum hbafund
energy savings has been researched [40, 41]. Whichever megiasea such as EDP, the achieve-



ment of energy savings itself does not explain the comparable value ofgiiéttams unless the
possible savings at maximum is known. This research can establish théigddienefit of DVFS
for a given application.

There are also a few high-performance computing clusters designednaitiysn mind.
One is BlueGene/L [42], which uses a “system on a chip” to reduce gnéf¢hile each node
consumes little energy and has low performance, high performance isvedhy using up to
128,000 processors. An earlier energy-aware machine, Green Yg&]Jnuses low-power Trans-
meta nodes.

Our work attempts to infer regions based on recognizing repeated exeddtizers have
had the same goal and carried it out using the program counter. Gmddylaused this technique
to determine when to power down disks [44], along with buffer caching petiassification [45]
and kernel prefetching [46]. In addition, dynamic techniques have bged to find program phases
[47, 48, 49], which is tangentially related to our work. We divide progrartgsone or more com-
munication phases. There has been a large body of work in phase parjti@tatic techniques,

such as [50, 51], appeared in the literature first.

2.3 Energy savings in server farms

Much research has been conducted on dynamic mapping of domains tcgbhyachines.
In some work, performance is the primary concern without power analyseswork by Steindeet
al. [52], is both implementation and a simulation. In her work, there is a workloadd@mtroller
that manages the workloads being run and helps drive the applicatiommaateontroller. In our
work, there is no such workload controller: the workloads are run in thgigual domains without
any centralized control over them. The study by Bobreffal. [53], is a predictive placement
scheme based on time series analysis. In contrast, our work is reabsezyimg load and reacting
appropriately.

The problem of saving power in a throughput-computing environmentlsadaen stud-
ied previously. Most work centers on fluid workloads, i.e., workloadssisting of many short-lived
independent requests that can be served by homogeneous softa@rgron multiple physical ma-
chines and which have a centralized workload distributor that routes djuests to the machines
which process them. Elnozalst al.[54] simulate the effects of dynamic voltage scaling coupled
with vary-on/vary-off (“VOVQO?”, basically powering nodes on/off) h&y run their simulator against
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two well-known production web traces and find that VOVO alone saves 4@ & while the ad-
dition of voltage scaling saves an additional 18 %. Similarly, Chase). [55] use an artificial
resource economy to save energy by balancing the cost of resagaiest the benefit realized by
employing them. This is also simulation-based work and focuses on satisfgidgmhand presented
by web traffic traces. Both techniques save power by turning some mdidasd using a central
workload distributor to route new requests to other nodes. The PowareARequest Distribution
(PARD) system addresses data center power by using the individuedseas the fundamental unit
of work [56]. The system directs requests to a pool of compute ressuvhich can be powered on
or off depending on anticipated load. Because requests are indepemtkservers are stateless,
powering down a server is simply a matter of removing it from the load balawedéing for pend-
ing requests to finish, and turning it off. In this environment, there is nottungigrate or back
up when shutting down a node, which leads to a very fine-grained powsagaeent: the system
runs only the machines needed to satisfy the current demand. Howe/BARD approach is only
applicable to workloads similar to web-serving, and many workloads cdmotodeled in this
manner. For example, processes may need to maintain state, or there may ble mnditigsible
processes that each handle a separate incoming demand.

Recently, Nathuji and Schwan [57] proposed a framework to determirpmther-performance
tradeoffs of virtual machines and to efficiently manage physical machiiteswiven power bud-
gets. This work focuses on achieving good performance under a pawgewhereas our work seeks
to satisfy an SLA while minimizing energy consumption. Vermegal.[58, 59] designed and eval-
uated several domain placement algorithms on top of their existing platforms.ouikapproach,
they examined the tradeoff between power consumption and migration cashrig domains
when determining their placement in virtualized systems. Although the problgmatbheaddress-
ing is similar, our contribution is distinguished in two ways. First, because otk ig a simulation
study, we can define and explore numerous configurable parameterarthby hardware and soft-
ware characteristics and evaluate their effects in theoretical environrmenisling very large scale
computing systems. Second, we propose a two-level buffering scheare tite buffering sizes are
adapted by given SLA requirements. Our algorithm finds power effigiEgtement of domains
while minimizing the SLA violation.

There has been a significant amount of research into understandimyeadicting work-
load patterns. Bradlegt al.[60] proposed two power management algorithms using short-term and
long-term workload predictions. The algorithms identify temporal workloattiepns and provide
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enough available resources proactively by exploiting these patterne. relcently, Chergt al.[61]
studied incoming traffic patterns and used them to predict the amount ofcesaweeded to pro-
cess the load. Such prior work focuses on improving predictions of laadk and applying the
information to power aware server provisioning. In contrast, PADD singagts to the work being
processed or being generated within the computing environment. In addites® studies assume
that one server is dedicated to a service. Since the servers are ramt bliaifferent services, there
is no domain migration between running servers. These approachesygseementary to our work
because combining prediction with reaction to the workload can lead to bettenpdsat decisions,
achieving more power savings with less performance impact.

In contrast to coarse-grained domain packing, CPU packing and rma#iéng techniques
[62, 63, 64] are available to the operating system as a fine-grainethgadis allows the packing
of jobs onto a subset of the available processors and power dowrsthe re

There is a large body of work on Dynamic Voltage and Frequency ScdiNg$) to
save energy [65, 66]. The work [67] proposes a online power nenagt approach on a virtual
machines supporting isolation between them and honoring the power mamdgenuests of the
individual virtual machines. Using DVFS allows us to improve further the grosificiency of the
running systems in the environment by reducing voltage and frequenay avberver’'s processors
are not a bottleneck. Since our work aims at domain distribution in virtualizedisenvironments,
any local DVFS algorithm in a system can be combined with our approactt axdéional power
savings.
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Chapter 3

Adaptive, Transparent CPU Scaling
Algorithms in MPI Communications

In this chapter, we present a transparent, adaptive system thaesgithecp-state in com-
munication phases. While changing p-states has broad utility, including exgebditery life in
small devices, the primary benefit for HPC occurs when the p-state iseddio regions where the
CPU is not on the critical path. In such a case, power consumption willdueeel with little or no
reduction in end-user performance. Previously, p-state reductiobdwasstudied in code regions
where the bottleneck is in the memory system [68, 31, 29, 32, 33] or dueddnidialance between
nodes [34]. In our approach, the communication phase is defined ateaeagion of applications
calling Message Passing Interface (MPI).

Our system is built as two integrated components: training the system and nilaging
actual shifting. We first designed several training algorithms that detearoenmunication regions.
In addition, we use a simple metric — operations per unit time — to determine thergrgpate
for each region. To do so, it monitors MPI calls to determine communicationregio the fly.
We then designed the shifting component, which includes the mechanicsusfirgdhe p-state at
the start of a region and increasing it at the end. Once regions are aathrour system uses
performance counters to choose the appropriate p-state for each caratimmregion; that is, at
the beginning of the region it reduces the p-state to the region-specifat,targl at the end of the

region it increases the p-state back to its original setting.

The research in this chapter was funded in part by NSF grants CCR2833and CCF-0429643, and an University
Partnership award from IBM.
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Because our system is built strictly with code executed within the PMPI runtingg, lay
there is no user involvement whatsoever. Thus, the large base ohtMRd programs can uti-
lize our technique with both no source code change and no recompilatioe &P runtime li-
brary. While we aim our system at communication-intensive codes, therpefice degradation
for computation-intensive programs is negligible.

The difference between all the research presented in Section 2.2 aruthaipiter is the
type of bottleneck we are attacking. Specifically, researchers haviedthoth the memory bottle-
neck, where energy can be saved because the CPU is waiting foralatthle memory system, and
the node bottleneck, where energy can be saved because the CPU ig feaitiata from another
node. Here, we address the communication bottleneck, where enerdpe caved because MPI
communication operations are not CPU intensive. This is the first work we kifito address the
communication bottleneck.

Results on the NAS benchmark suite and the ASCI Purple benchmark suitettsio
we achieve up to a 19.9% reduction in energy-delay product (EDP) qechp@an energy-unaware
scheme where nodes run as fast as possible. Furthermore, acressrthBIAS suite, our algorithm
that reduces the p-state in each communication region saved an median oE8¥8 iand 11% in
energy. This was a significant improvement compared to simply reducingsteefor each MPI
communication call. Also, importantly, this reduction in EDP did not come at a laggease in
execution time; the median increase across all benchmarks was 1.9%, avafshease was only
5.8%.

The rest of the chapter is organized as follows. In Section 3.1, we provadvation
for reducing the p-state during communication regions. Then, Section @sdiss our imple-
mentation, and Section 3.3 discusses the measured results on our palablescluster. Finally,
Section 3.4 summarizes and describes future work.

3.1 Motivation

To be effective, reducing the p-state of the CPU should result in a largeye savings
but a small time delay. We implemented a microbenchmark that repeatedly callsrieeMial
operation with a fixed message size. We executed this microbenchmark ate foo about 50
seconds using many common MPI operations using both small and large e®s$agures 3.1
and 3.2 show the execution time and the energy consumption of four MPatapes. They-axis
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Figure 3.1: Micro-benchmarks showing time and energy performance Rif ddlls with CPU
scaling.

represents time and energy values relative to the fastest frequenpystate). For all the MPI
operations (including those not shown), the p-state with frequency MB0Oprovides an excellent
tradeoff between time and energy: at least 20% energy is saved with a tirease®f at most 2.6%.
The greatest energy savings (31%) occurs when receiving 2 K8 ¥Hz, with no time penalty.
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(b) MPI_Allreduce

Figure 3.2: Micro-benchmarks showing time and energy performance Rif ddlls with CPU
scaling.

On the other hand, there often is a large time penalty using the slowestrimq(80 MHz) for
sending small messages, up to 17%. For large messages, 800 MHz has ateaedras large as
5%. Overall, these data show that MPI calls provide an excellent opjiyrtorsave energy with
little or no time penalty.

However, in practice, an MPI operation may be too short to make reducing-tate
before and increasing the p-state after every call effective. THaeoexists because p-state tran-
sitions are not instantaneous. Therefore, a short MPI operationraddsave sufficient benefit
to overcome the transition cost. Figure 3.3(a) shows a cumulative distributimtidn (CDF) of
elapsed times of all MPI calls in all 12 benchmarks evaluated in this chaptesr(tine NAS bench-
mark suite and four ASCI Purple benchmarks). These data are obtagmekecutions on 8 or 9
nodes on AMD Athlon-64 cluster connected by a 100Mbps network (eetdd 3.3 for a complete
description of the cluster). Every message from every node is inclf@idre is no normalization,
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Figure 3.3: Cumulative distribution functions (CDF) of the duration of andvaldbetween MPI
calls for every MPI call for twelve benchmark programs we evaluate in trapter.

S0 a communication-intensive benchmark has greater influence on thestfigura benchmark with
few messages.) This figure shows that over 97% of MPI calls take lesd.¢hars and 78% take
less than 1 ms.

Considering that changing the p-state averages 1200 microsecondsaake up to
5600 microseconds (See Section 3.2.2 for details), time (and energyasesravhen one reduces
the p-state for each MPI operation and only for the duration of the operafigure 3.3(b) plots
the CDF for the interval between MPI calls from the same experiments alisreows that three-
fourths of all intervals are less than 1 millisecond, indicating that MPI call€laigered in time.
Therefore, we can group “adjacent” MPI calls together as a regiaidiag frequent p-state transi-
tions. Shifting only at region boundaries amortizes the overhead of ptsdatations, but executes
the non-MPI code between calls in a reduced p-state, which may not be idea

The data presented in Figure 3.3 is an aggregate of all benchmarksyvétpbenchmarks
have different communication patterns. Table 3.1(a) shows MPI call lgrggthhenchmark. (EP,
which has only 5 MPI calls, is not shown.) The table shows the first, se@tithird quartiles,
sorted by the third quartile (column 3). The table shows that for 7 of 11Hmearks, more than
three-fourths of their MPI operations take less than 1 millisecond. Tablb)Zhows the detailed
analysis of the inter-MPI intervals per benchmark. These data are ag#ed by the third quartile;
however, the order is different. It shows that for 5 benchmarks three-fourths of the intervals
take less than 1 millisecond. Also, the median interval is less than 1 millisecond@rdhmarks.

The two benchmarks with the longest third-quartile inter-MPI interval, ISERdhave very long
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Table 3.1: Analysis of MPI call length and interval between MPI calls pacbmark. Benchmarks
are sorted by 75th percentile in ascending order.

| Benchmark [[ 25% | 50% | 75% | ] Benchmark H 25% \ 50% \ 75% \
Aztec 0.01 | 0.01| 0.03 Aztec 0.01 | 0.02 | 0.03
SMG2000 0.01 | 0.01| 0.03 SMG2000 || 0.01 | 0.02 | 0.03
MG 0.04 | 0.07 | 0.11 BT 0.03 | 0.03 | 0.03
LU 0.04 | 0.08 | 0.14 CG 0.01 | 0.03 | 0.48
SPPM 0.01 | 0.06 | 0.39 MG 0.03 | 0.28 | 0.91
CG 0.02 | 0.05| 0.52 LU 0.07 | 2.37 | 2.66
SWEEP3D 0.15 | 0.30 | 0.56 SPPM 0.01 | 0.11 | 10.3
BT 6.52 | 6.71 | 6.97 SWEEP3D || 0.13 | 0.20 | 33.2
SP 0.02 | 0.10 | 17.9 SP 0.03 | 6.21 | 34.2

IS 0.47 | 41.8 | 10124 IS 0.03 | 0.06 | 624

FT 1.47 | 1698 | 38541 FT 2403 | 2937 | 3743

(a) Analysis of MPI call length (ms). (b) Analysis of time interval (ms)

between MPI calls.

MPI operations, so there is no need to amortize the shifting overhead oltgslenoperations. The
tables foretell a problem in SWEEP3D, which has many short operatidre father long third-
quartile interval.

Because there is a cost to p-state shifting, it is necessary to avoid shitifigetuently.
The data in these table show that the vast majority of MPI operations aredddafustify p-state
shifting. However, the data also show that operations are clusteredlesgitogether. This presents
an opportunity to be amortize the overhead of shifting across multiple MPatipes. Because it
is unlikely that there is significant computation in the short code sections eetvel, the penalty
for reducing the p-state in non-communication code is not expected to bt grkerefore, this
project considers closely clustered MPI operation and the code bethe®mrto be communication
regions, which are candidates for executing in a reduced p-statednd saergy.

Finally, our solution only considers shifting at MPI operations. Howetveare are other
places shifting can be done. For example, one could shift at progracofoputational) phase
boundaries or even at arbitrary intervals. We rejected the latter besaciseshifting is notontext-
sensitivemeaning that we could not learn from previous iterations. The formeniggbsensitive,
and with elaborate phase analysis it will likely find excellent shifting locatibimyever, shifting

only at MPI operations can easily be implemented transparently and in ouwgestsfective.
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3.2 Design and implementation

The overall aim of our system is to save significant energy with at mostringua small
time delay. Broadly speaking, this system has three goals. First, it will idgartfyram regions with
a high concentration of MPI calls. Second, it determines the “best” (estjuyw-state to use during
such MPI communication regions, calleeducible regions Both the first and second goals are
accomplished with adaptivteaining. Third, it must satisfy the first two goals witip involvement
by the MPI programmeri.e., finding regions as well as determining and shifting p-states should
be transparent. In addition to the training component, the system $laftiag component. This
component will effect the p-state shifts at region boundaries.

While we discuss the training and shifting components separately, it is imptotamter-
stand that our system does not transition between these componentad lipstgram monitoring
is continuous, and training information is constantly updated. Thus oumsystalways shifting
using the most recent information. Keeping these components activatedeissaey because we
may encounter a region that is variable in terms of time length and MPI calls.uBsystem can
adaptively work for region finding.

To achieve transparency—i.e., to implement the training and shifting compaomigmbsit
any user code modifications—we use our MPI-jack tool. This tool exploitBHBB], the profiling
layer of MPI. MPI-jack transparently intercepts (hijacks) any MPI calus&r can execute arbitrary
code before and/or after an intercepted call ugirgandposthooks. Our implementation uses the
same pre and post hook for all MPI calls.

An MPI routine (such a$1PI_Send) can occur in many different contexts. As a result,
the routine itself is not a sufficient identifier. But it is easy to identify the dyicgparent of a call
by examining the return program counter in the current activation rettowever, because an MPI
call can be called from a general utility or wrapper procedure, onarmijmancestor is not sufficient
to distinguish the start or end of a region. Fortunately, it is simple and inskgeto examine all
dynamic parents. We do this by hashing together all the return PCs frormtightéon records on

the stack. Thus, a call is uniquely identified by a hash of all its dynamic torees

3.2.1 The training component

The training component has two parts. The first is distinguishing regidms.s&cond is
determining the proper p-state for each region. Starting from an MPramowith C' calls of MPI
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Figure 3.4: This is an example trace of an MPI program. The line shows theofygpde executed
over time. There are 10 MPI calls, and calls 1-3 and 5-8 make up communicegions because
they are close enough. Call 9 is considered a region because it is longrerEven though they are
MPI calls, calls 4 and 10 are not in a communication region because thegi#rerclose enough
nor long enough.

routines, the goal is to group tlig calls into R < C regions based on the distance in time between
adjacent calls, the time for a call itself, as well as the particular pattern of calls

Figure 3.4 presents an example trace of an MPI program, where we $otely on
whether the program is in user code or MPI library code. The progregmb in user code and
invokes 10 MPI calls. In Figure 3.4 there are two composite reducible regi¢h, 2, 3) and (5, 6,
7, 8). It also has a region consisting of only call 9 that is by itself long ghdo be executed in
a reduce p-state. Thus, Figure 3.4 has three reducible regions, asswelb single MPI calls that
will never execute in a reduce p-state. The MPI calls 4 and 10 are noelomggh or close enough
to be in a communication region. We leave these MPI calls without changingep-sta

First, we must have some notion that MPI calls are close together in time. Weéedeno
7 as the value that determines whether two adjacent MPI calls are “closg/thHag less tharr
indicates they are. Clearly, ifis oo, then all calls are deemed to be close together, whereas if it is
zero, none are. Next, it is possible that an MPI call itself takes a signifazanunt of time, such
as anMPI_Alltoall using a large array or blockingPI_Send/MPI_Receive. Therefore, we denote
A as the value that determines whether an MPI call is “long enough”—anyesiviBl call that
executes longer thak warrants reducing. Our tests use= 20 ms and\ = 20 ms. Section 3.3.2
discusses the rationale for these thresholds.

Finally, we must choose a training paradigm; we consider three. The fits® idegen-
erate casenpone which has no training. It always executes in the top p-state. The neadligan,

static, uses only knowledge known prior to execution. This knowledge caxtoaoted from com-
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piler analysis or execution traces of past runs. The third paradigdaptive which is what we
focus on in this chapter. In this case, the system has no specific kn@abdgt the particular pro-
gram, so knowledge is learned and updated as the program executeslaptive there are many
ways to learn. Next, we discuss two baseline region-finding algorithmswietidy two adaptive
region-finding algorithms. Following that, we combine the best region-findiggrithm with au-
tomatic detection of the reduced p-state—this serves as the overall traingrgratgthat we have
developed.

First, there is théaseregion-finding algorithm, in which there are no regions—the pro-
gram always executes in the top p-state. It provides a baseline for cempaNext, we denote
by-call as the region-finding algorithm that treats every MPI call as its own rediaan be mod-
eled asr = 0 and\ = 0: no calls are close enough and all are long enough. Section 3.1 explains
thatby-call is not a goodyeneralsolution because the short median length of MPI calls can cause
the shifting overhead to dominate. However, in some applicationgykeall algorithm is very
effective, saving energy without having to do any dynamic training.

We consider two adaptive region-finding algorithms. The first, catietple predicts
each call's behavior based on what it did the last time it was encountemedexBmple, if a call
ended a region last time, it is predicted to end a region the next time it appéasimplemethod

is effective for some benchmark programs. For example consider therpiad¢tiew.

..AB...AB...AB ...

Each letter indicates a particular MPI call invoked from the same call site insgrgouogram; time
proceeds from left to right. Variableis shown visually through the use of ellipses, which indicates
that the calls are not close. The pattern shows that the distances bé&tvaedB are deemed close
enough, but the gaps froBito A are not. Thus, the reducible regions in a program with the above
pattern always begin with and end afteB. Because eveni begins a region and eveB ends
a region, once trained, tr@mplemechanism accurately predicts the reducible region every time
thereafter.

However, there exist patterns for whigimpleis quite poor. Consider the following
pattern.

L AALLCAALDAA L

The gap between MPI calls alternates between less than and greater tHawever, in this case

both gaps are associated with the same call. Because of this alternatisimptealgorithm always
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Figure 3.5: The mapping of OPS to P-state for a communication region.

mispredicts whetheh is in a reducible region—that is, in each graipplepredicts the firsA will
terminate a region because the secénd the previous group did. The reverse happens when the
secondA is encountered. This is not a question of insufficient trainsigipleis not capable of
distinguishing between the two positions tdatan occupy.

Our second region-finding algorithropmpositeaddresses this problem. At the cost of a
slightly longer training phaseompositecollates information on ger-regionbasis. It then shifts
the p-state based on what it learned the last time this region was encoultitelitfdrs fromsimple
in that it associates information with regions, not individual calls. dérapositealgorithm matches
the pattern of these calls and saves it; when encountered again, it willd&atetermine that a
region is terminated by the same final call.

The second part of training is determining the p-state in which to executeregicim.
As mentioned previously, extensive testing indicates that the MPI calls thezsssdwn execute in
very low p-states (1000 or 800 MHz) with almost no time penalty. Howeveadible region also
contains user code between MPI calls. Consequently, we found thdigk€ H-state is application
dependent.

The overall adaptive training algorithms we advocate sineple and compositeusing
performance counters to dynamically determine the best p-state on agpmr-t&sis. Specif-
ically, in order to judge the dependence of the application on the CPU in tleeseible re-
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gions,automaticmeasures the micro-operations retired during the region. It uses the rate mic
operations/microsecond (or OPS) as an indicator of CPU load. Thusoa reigh a low OPS value

is shifted into a low p-state. Our system continually updates the OPS for egiom via hardware
performance counters. (This means the p-state selection for a regich&age over time.) Using
large amounts of empirical test data, we developed by hand a single tablmapatOPS to the
desired p-state for a reducible region. The table is shown graphically imé=8)5. The mapping is
used for all benchmark programs, so it is not optimized for any particelactmark.

Our algorithm considers any MPI calls when training a communication regioa.MPI
library has asynchronous MPI calls, suchMiBI_Isend andMPI_Irecv. These asynchronous calls
usually takes short time and they are often overlapped with other computediasing high OPS
value. Therefore, it is less likely that these calls make a communication regithre @-state is

significantly reduced in such a region.

3.2.2 The shifting component

There are two parts to the shifting component. The first is determining whesgaam
enters and leaves a reducible region. The second part is effectistptepshift. Thesimpleregion-
finding algorithm maintain®eginandendflags for each MPI call (or hash). The pre hook of all
MPI calls checks théeginflag. If set, this call begins a region, so the p-state is reduced. Similarly,
the post hook checks tlendflag and conditionally resets the top p-state. This flag is updated every
time the call is executed: it is set if the region was close enough or long kramahunset otherwise.

Figure 3.6 shows a state diagram for t@mpositealgorithm. There are three states:
OUT, IN, andRECORDING The processor executes in a reduced p-state only ilNstate; it
always executes in the top p-stateO T andRECORDING The initial state iSOUT, meaning the
program is not in a reducible region. At the beginning of a reducible negfiee system enters the
IN state and shifts to a reduced p-state. The other SREEORDING s the training state. In this
state, the system records a new region pattern.

The system transitions fro®UT to IN when it encounters a call that was previously
identified as beginning a reducible region. If the call does not beginauwebion but it was close
enough to the previous call, the system transitions f@dT to RECORDING It begins recording
the region from the previous call. It continues recording while calls aecdmough.

The AMD executes a RISC engine internally. It translates x86 (CISC)uicisdns into RISC micro-operations.
Therefore, micro-operations are a better indicator of CPU perfarentiran instructions.



23

not "clpse enough”

"closesenough”

RECORDING
T

pattern mismatch "close enough”

Figure 3.6: State diagram faompositealgorithm.

The system ordinarily transitions frolN to OUT when it encounters the last call in the
region. However, there are two exceptional cases—shown with ddislesdn Figure 3.6. If the
current call is no longer close enough, then the region is truncated arsthtie transitions tOUT.

If the pattern has changed—this current call was not the expected callsytem transitions to
RECORDING A new region is created by appending the current call to the prefix ofuhent
region that has been executed. None of the applications examined in S@@&icaused these
exceptional transitions.

Our implementation labels each region with the hash of the first MPI call in therreg
When in theOUT state at the beginning of each MPI call, we look for a region with this hash as a
label. If the region exists and is marked reducible, then we reduce thégpasidenter thiN state.

There are limitations to this approach if a single MPI call begins more than giere
The first problem occurs when some of these regions are markedbledaied some are marked not
reducible. Our implementation cannot disambiguate between these regiomseddnd problem
occurs when one reducible region is a prefix of another. Becaus® wetdknow which region we
are in (long or short), we cannot know whether to end the region aftepréfex or not. A more
sophisticated algorithm can be implemented that addresses both of these limitatioeser, this

was not done because it was not necessary for the applications exaRathdr, our system elects
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Table 3.2: P-state transition cost (microseconds) for a AMD Athlon-6408®ocessor [1]. The
frequency in a row indicates a starting p-state and the frequency in a ciduatarget p-state.
| | 2.0Ghz | 1.8Ghz | 1.6Ghz | 1.4Ghz| 1.2Ghz | 1.0Ghz | 0.8Ghz |

2.0Ghz - 355.55 | 554.66 | 850.63 | 1138.78| 1954.74| 568.62
1.8Ghz || 785.46 - 278.68 | 556.72 | 853.07 | 1522.51| 292.44
1.6Ghz || 1436.75| 566.70 - 279.47 | 555.84 | 1122.03| 289.90
1.4Ghz || 2204.94| 1218.49| 279.32 - 279.61 | 746.02 | 289.22
1.2Ghz || 3415.02| 2259.24| 556.16 | 280.20 - 362.66 | 575.44
1.0Ghz || 5015.28| 3597.30| 853.51 | 564.01 | 280.72 - 297.68
0.8Ghz || 5647.90| 3892.10| 289.13 | 289.70 | 1134.16| 2141.23 -

to be conservative in time, so our implementation executes in top p-state duriaglaitjuities.
However, this was not evaluated because no benchmark has such diedigu

The second part of the execution phase is changing the p-state. Iystemsusing AMD
microprocessor, the p-state is defined by a frequency identifier (Fi®)yaltage identifier (VID)
pair. The p-state is changed by storing the appropriate FID-VID toibdel specific regist§dMSR)
in three phases. During phase 1 the processor driver performsea sérVID-only transitions
each changing the voltage by theximum voltage stgp1VS). During phase 2 the processor core
frequency is changed to the FID associated with the OS-requested P-Buatiag phase 3 the
processor voltage is transitioned to the VID associated with the OS-redustate. Such a store
is privileged, so it must be performed by the kernel. Tpafreqandpowernowmodules provide
the basic support for this. Additional tool support and significant “kireg’ of the FID-VID pairs
were needed to refine the implementation. The overhead of changing theepgssdominated by
the time to scale—not the overhead of the system call.

For the processor used in these tests, the upper bound on a p-statetrgmeluding
system call overhead) is about 5600 microseconds (from lowestdney to highest frequency), but
the average is less than 1200 microseconds, and the median is about 59€egoads (Table 3.2).

3.3 Results

This section presents our results in two parts. The first part discusselésron several
benchmark programs on a power-scalable cluster. These results biareed by applying the
different algorithms described in the previous section. The secondipad a detailed analysis of

several aspects of our system and particular applications. It explamshe benchmarks behave
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Table 3.3: Benchmark attributes. Region information freompositevith 7 = 20 ms and\ = 20
ms.

MPI Reducible Calls Average time (ms) | Time fraction

calls regions | perregion PerMPI\ Per region| MPI \ region

EP 5 1 4 68.7 337.0 0.005| 0.005
SWEEP3D || 4,072 65 3.2 2.82 144 0.141| 0.116
FT 46 42 1.0 18,399 20,151 | 0.859| 0.859

IS 37 11 3.0 3,117 10,487 | 0.871| 0.871
BT 108,706 475 226.1 8.51 1,951 0.886| 0.887
Aztec 20,763 279 74.3 2.05 156 0.822| 0.842
SMG2000 || 232,202 4 58050.2 0.08 8,171 0.581| 0.987
CG 41,954 1976 21.2 6.56 143 0.727| 0.751
MG 10,001 134 74.5 4,59 391 0.539| 0.615
SP 19,671 4013 3.7 20.7 112 0.442| 0.486
LU 162,193 766 211.6 0.92 709 0.228| 0.827
SPPM 2,110 199 5.3 43.1 465 0.196| 0.200

and how our technigue works.

Benchmark attributes Our twelve benchmark applications come from the NAS parallel bench-
mark [70] suite and the ASCI Purple benchmark suite [71]. The NAS suitsists of scientific
benchmarks including application areas such as sorting, spectralomassfand fluid dynamics.
We test class C of these benchmarks. The benchmarks are unmodified evékcéption of BT,
which took far longer than all the other benchmarks; to reduce the time ofiBibwt affecting the
results, we executed it for 60 iterations instead of the original 200. Foue brenchmarksiztec,
SPPM, SMG2000, and SWEEP3e from the ASCI Purple benchmark suite.

Table 3.3 presents overall statistics of the benchmarks running on 8 ae3 (@ for BT
and SP), which are distilled from traces that were collected using MPI-jabk second column
shows the number of MPI calls invoked dynamically. The number of redugiens (column 3) is
determined by executing tleempositealgorithm on the traces with both the close enough threshold
(7) and the long enough threshold)(set to 20 ms. The table shows the average number of MPI
calls per region in the fourth column. Because some MPI calls are not in coitation regions,
the product of the third and fourth columns is not necessarily equal tetuand column. Next, the
table shows the average time per MPI call and per communication region.eVéetls and eighth
columns show the fraction of the overall time spent in MPI calls and regiespectively.

According to our analysis, the applications have diverse characterigtigarticular, in
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terms of the key region parameters—the number of regions, the numbéisgiearegion, and the
duration of the regions—there are at least two orders of magnitudeatiferoetween the greatest
and least values. Noticeably, a lot of MPI calls are grouped to a commumicatipon. As a
result, the region length becomes at least 5 times longer, compared with Mj#H.|éfor instance,
communication regions have on average 211 MPI calls in the LU benchmaoke tilan 80% of
the execution time consists of the communication regions. Finally, with the exceyitieR, the
communication fraction is broadly distributed between 11.6% and 98.7%.

As we will show below, while several of the particular algorithms we devalapay be
best forsomebenchmark, the wide variety of characteristics in the entire suite means thahéye
be quite poor on other benchmarks. Therefore, our goal was to fiatfjarithm that worksvell for
all benchmarks. Below we will show thabmpositds such an algorithm.

Experimental methodology For all experiments, we used a 10-node AMD Athlon-64 cluster
connected by a 100 Mbps network. Each node has 1 GB of main memoryAthlmn-64 CPU
supports 7 p-states (from 2000 to 800 MHz). Each node runs the &€doe 3 OS and Linux kernel
2.6.8, and frequency shifting was done throughshsfsinterface. All applications were compiled
with eithergcc or the Intel Fortran compiler, using the O2 optimization flag. We controlled the
entire cluster, so all experiments were run when the only other proceasseé® machines were
daemons.

Elapsed time measurements are from the system clock usingettineofdaysystem
call. A power meter sits in between the system power supply of each nodbemdll. We read
this meter to get the power consumption. These readings are integratetihueéo yield energy
consumption. Thus the energy consumption measurements are empiricallyeddtivethe entire
system of 8 or 9 nodes.
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3.3.1 Overall results

Overall performance comparison Our work trades time for energy. This is a 2-dimensional
tradeoff. The importance of each dimension will vary between userggiauelay product (EDP)

is one canonical evaluation metric that essentially gives equal weight tanttemsions.
EDP = Enerqgy x Time = Power x Time?

It converts the two-dimensional energy-time tradeoff into a single scalaran'dte conducted five
tests for each of the benchmarks. For each test, the measured elapseddiomsumed energy
are presented. EDP is computed from these empirical measurements |déeclative to the base
case is also presented. All tests were conducted a minimum of five times, with themvalue
reported. The variance between any two runs was very small, so it ispatted.

We tested three algorithms: by-call, simple, and composite. Additionally, weraso
other algorithms for reference. One uses no power management, establiehbasecase. The
second useprofile data, representing the “best one can do.” Figure 3.7 shows the EDéthf e
method relative to the base case, which executes the program in the toprfcg(2000 MHz) at
all times. Linux puts the processor into a low-power halt state when the remegis empty, so
we note that the base test is already power-efficient to some degrde.3Talon page 29 presents
complete data from these tests.

The compositdest shows the results of the algorithm that usespositaegion finding
and selects the reduced p-state for each region using OPS. The lashdoliable 3.4 shows the
results ofprofile; it executes a schedule of p-state changes that were producedrioélimg traces.
Essentially,profile is compositewithout mispredictions. The first algorithnby-call) use a single
reduced p-state throughout, while the last three may use several dgohstates depending on the
OPS.

The rightmost bar in Figure 3.7 (and rightmost column in Table 3.4) shows tifierpe
mance ofprofile. In all casesprofile has the best EDP; this is expected because it uses prior ap-
plication knowledge (a separate profiling execution). The usefulngz®blie is that it serves as a
rough lower bound on EDP. It is not a precise lower bound becausewefal reasons, including
that the reduced p-state in a given region cannot be proven to beob&DP.

The applications fall into several categories based on the performétioe algorithms.
The first is no benefit. EP executes less than 0.5% of the total execution timBlicalls, so no
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Table 3.4: Overall performance of benchmark programs. Where ppate, the value relative to
the base case is also reported.

[ [[ Base | By-call [ Simple [ Composite | Profile |
Time (s) 75.53 75.55 1.000| 75.52 1.000| 75.45 0.999| 75.49 0.999

EP Energy (KJ) 59.876 59.878 1.000| 59.857 1.000| 59.946 1.001| 59.669 0.997

EDP (MJ-s) 4.522 4.524 1.000| 4.520 1.000| 4.523 1.000| 4.504 0.996

Time (s) 81.21 91.78 1.130( 81.81 1.007| 81.65 1.005| 81.12 0.999

SWEEP3D  Energy(KJ) 69.136 68.638 0.993| 69.842 1.010| 69.445 1.004| 69.043  0.999
EDP (MJ-s) 5.615 6.300 1.122| 5.714 1.018| 5.670 1.010| 5.601 0.998

Time (s) 984.40 987.25 1.003| 985.77 1.001| 984.23 1.000| 984.64 1.000
FT Energy (KJ) || 654.804 | 518.196 0.791| 529.235 0.808| 524.720 0.801| 513.028 0.783
EDP (MJ-s) 644.588 | 511.588  0.794| 521.704 0.809| 516.445 0.801| 505.147 0.784
Time (s) 128.16 129.02 1.007| 128,55 1.003| 128.32 1.001| 128.78  1.005
IS Energy (KJ) 82.708 65.852 0.796| 69.020 0.835| 68.940 0.834| 65.616 0.793
EDP (MJ-s) 10.600 8.496 0.802| 8.872 0.837| 8.847 0.835| 8.450 0.797
Time (s) 929.97 | 1361.36  1.464| 963.83 1.036| 949.95 1.021| 945.11 1.016
BT Energy (KJ) || 610.476| 807.352  1.322| 543.956 0.891| 555.549 0.910| 546.529 0.895
EDP (MJ-s) 567.721 | 1099.096 1.936| 524.282 0.923| 527.743 0.930| 516.529 0.910
Time (s) 51.59 83.85 1.625| 54.41 1.055| 53.73 1.042| 53.69 1.041

Aztec Energy (KJ) 33.238 45.323 1.364| 29.291 0.881| 29.989  0.902| 29.598  0.890
EDP (MJ-s) 1.715 3.800 2.216| 1.594 0.929| 1.613 0.941| 1.589 0.927

Time (s) 27.19 56.28 2.070| 28.78 1.058| 27.32 1.005| 27.37 1.006

SMG2000  Energy(KJ) 19.488 39.024 2.002| 15.864 0.814| 19.132 0.982| 15.642 0.803
EDP (MJ-s) 0.530 2.196 4.145| 0.457 0.862| 0.523 0.986| 0.428 0.808

Time (s) 373.31 442.55 1.185| 408.13 1.093| 394.97 1.058| 395.87 1.060
CG Energy (KJ) 254.364 | 249.464  0.981| 220.164 0.866| 221.020 0.869| 218.052 0.857
EDP (MJ-s) 94.958 | 110.399 1.163| 89.855 0.946| 87.297 0.919| 86.318 0.909
Time (s) 78.08 114.16 1.462| 82.42 1.056| 79.63 1.020| 79.05 1.012
MG Energy (KJ) 59.208 69.632 1.176] 53.501  0.904| 52.621  0.889| 52.208 0.882
EDP (MJ-s) 4.623 7.949 1.720| 4.410 0.954| 4.191 0.907| 4.127 0.893
Time (s) 910.51 965.14 1.060| 945.63 1.039| 933.10 1.025| 936.50 1.029
SP Energy(KJ) 778.150 | 721.161  0.927| 679.124 0.873| 681.844 0.876| 671.022 0.862
EDP (MJ-s) 708.515| 696.023  0.982| 642.201 0.906| 636.226 0.898| 628.415 0.887
Time (s) 627.79 | 1225.83  1.953| 648.98 1.034| 641.43 1.022| 642.98 1.024
LU Energy (KJ) 520.428 | 746.972  1.435| 460.134 0.884| 451.973 0.868| 450.304 0.865
EDP (MJ-s) 326.721| 915.663  2.803| 298.619 0.914| 289.936 0.887| 289.530 0.886
Time (s) 460.33 475.27 1.032| 475.53 1.033| 468.09 1.017| 463.92 1.008

SPPM Energy(KJ) || 374.392 | 369.988 0.988| 367.020 0.980| 365.563 0.976| 363.820 0.972
EDP (MJ-s) 172.344 | 175.844  1.020| 174.529 1.013| 171.115 0.993| 168.785 0.979
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energy savings is possible with our mechanisms. Thus we do not evaluaeyEBrther. Com-
munication accounts for 14% of SWEEP3D overall execution time, which issotle that other
benchmarks. This limits the maximum potential savings, for example even usifijngrdata the
EDP is reduced by only 0.1%.

The second category contains FT and IS—applications that perfornwitilthe trivial
by-call method. These are the only two applications that have singleton regions-digial il
MPI call that is longer than, thus allowing a reduction in the p-state. Moreover, in FT, no calls
are withinT. The average length of MPI calls is 18.4 and 3.1 seconds for FT anddfectively.
Consequently, the reducible regions are almost entirely MPI code anédiieed p-state is 800
MHz — the lowest p-state. As a result, these two benchmarks have thegjreatzgy saving.
Although these programs are in the reduced p-state more than 85% of the tariacibase in
execution time is less than 1%. Therefore, the EDP is very low. This is otichss in terms of
EDP, but most applications do not fall into this category. In all the othecltmarks, théoy-call
shows the worst EDP values among the proposed algorithms.

The next class of programs are ones for whighcall performs poorly due to excessive
p-state switching, busimpleis better tharcomposite In our benchmark suite, this includes BT,
Aztec, and SMG2000. The pattern of MPI calls in BT is such #iaiplepredicts well so there are
few false positives focompositeo remove. Moreover, the longer training requireddoymposite
creates false negatives—which are lost opportunities to save energydetmot occur irsimple
Thereforecompositeactually spends more time in the wrong p-state thieaple As a resultsimple
is 0.7% lower in EDP thacomposite this is becaussimpleresults in consumption of 1.9% less
energy but 1.5% more time. SMG is the only application wieemraposités significantly worse$
2%) thansimplein EDP, which occurs because there are many false negatives due iagrain

The fourth category, which consists of five programs, are those tiiablyecall andsim-
pledo not perform well. CG, MG, SP, LU, and SPPM belong to this categarthdse benchmarks,
the EDP ofcompositeis lower thansimplebecause of improved region finding. Themposite
algorithm eliminates both excessive p-state switchingyetall as well as a non-trivial number of
false predictions oimple We will show the detailed analysis of prediction accuracy in the next

section.
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Justification of automatic multiple p-state selection Our algorithms determine the reduced p-
state dynamically for each region. This section evaluates the benefits of msiltiple reduced
p-states. We compare the online, multiple p-state performance to the bestdaiglperformance.
The best single p-state performance was determine by exhaustiva séattp-states. Figure 3.8
presents results in terms of EDP. There are four tests for each berkchooanpositeand profile
are the same as previous. The two additional tests are annotate@ingle Table 3.5 on page 33
present the complete data from which the data in the figure in extracted.

The automatic solution select the p-state for a region based on the measticethpnce
(OPS) of the region during its previous execution. When the preferstdtp changes over time, the
automatic will adjust, but always after the change has occurred. Theréf the preferred p-state
changed every iteration, automatic would never execute a region in itsnekfe state. In which
case, a single p-state test may perform better than automatic. This is the Edselmere the EDP
of single is 1.5%. The preferred p-state changes in FT and there grieweiterations, so automatic
is unable to amortize the overhead of learning. However, as the singlayst#tted is right more
often than automatic, it has lower EDP. In IS the single p-state EDP is 0.1% &wlen SPPM it
is the same. In all other benchmarks, automatic is better. The automatic acigesadngs with
no prior knowledge, whereas the single tests presented are the best-evequiring as many as

seven tests runs to determine.

In summarysimpleis generally better thalpy-calldue to less p-state switching overhead.
However,compositas generally better thasimplebecause it has, for several benchmarks, far fewer
false positives at the cost of a small number of additional false negalihese are three programs
for whichsimpleis better thartompositeIn terms of EDP, BT and Aztec are 0.7% and 1.2% better,
but SMG2000 is 10.9%. In all three casesmpositesuffers from false negative due to a long
training period. The next section explains this in detail. Furthermore, autopiatate selection is
very effective.

3.3.2 Detailed analysis

This section focuses on the details of how we achieved the performapogeas in the
previous section. In particular, it explains overhead and then disttase negatives and positives.

Finally, it investigates how we selected our threshold values.



33

Table 3.5: Performance comparison between single p-state and automatic npudtipte selection.

[ [[ Base [ Composite/single][  Composite [ Profile/single | Profile |
Time (s) 75.53 75.47 0.999 75.45 0.999| 75.51 1.000| 75.49 0.999

EP Energy (KJ) 59.876 59.878 1.000| 59.946 1.001| 59.865 1.000| 59.669 0.997

EDP (MJ-s) 4.522 4.519 0.999 4.523 1.000| 4.520 1.000| 4.504 0.996

Time (s) 81.21 81.91 1.009 81.65 1.005| 81.39 1.002| 81.12 0.999

SWEEP3D  Energy(KJ) 69.136 | 69.500 1.005| 69.445 1.004| 69.520 1.006| 69.043  0.999
EDP (MJ-s) 5.615 5.693 1.014| 5.670 1.010| 5.658 1.008| 5.601 0.998

Time (s) 984.40 | 986.03 1.002| 98423 1.000 986.87 1.003| 984.64  1.000
FT Energy (KJ) || 654.804 | 516.068 0.788| 524.720 0.801| 500.274 0.764| 513.028 0.783
EDP(MJss) || 644.588| 508.856 0.789| 516.445 0.801| 493.703 0.766| 505.147 0.784
Time (s) 128.16 | 128.24 1.001| 12832 1.001| 128.83 1.005| 128.78  1.005
IS Energy (KJ) || 82.708 | 68.936 0.833| 68.940 0.834| 65672 0.794| 65.616 0.793
EDP(MJs) || 10.600 | 8.840  0.834| 8.847 0835 8461 0.798| 8450  0.797
Time (s) 920.97 | 95545  1.027| 949.95 1.021| 951.79 1.023| 94511 1.016
BT Energy (KJ) || 610.476 | 563.178  0.923| 555549 0.910| 552.973 0.906| 546.529  0.895
EDP (MJ:s) || 567.721| 538.089  0.948| 527.743 0.930| 526.315 0.927| 516.529 0.910
Time (s) 5159 | 5522  1.070| 53.73 1.042| 5461 1.059| 5369  1.041

AZTEC Energy (KJ) 33.238 | 29.595 0.890| 29.989 0.902| 29.718  0.894| 29.598  0.890
EDP (MJ-s) 1.715 1.634 0.953| 1.613 0.941| 1.623 0.946| 1.589 0.927
Time (s) 27.19 27.282 1.003| 27.321 1.005| 27.30 1.004| 27.37 1.006
SMG2000  Energy(KJ) 19.488 | 19.282 0.989| 19.132 0.982| 15.766  0.809| 15.642  0.803
EDP (MJ-s) 0.530 0.526 0.993| 0.523 0.986| 0.430 0.812| 0.428 0.808

Time (s) 373.31 | 385.44 1.032| 394.97 1.058| 388.07 1.040| 395.87 1.060
CG Energy (KJ) 254.364 | 227.672 0.895| 221.020 0.869| 223.994 0.881| 218.052 0.857
EDP (MJ-s) 94.958 | 87.753 0.924| 87.297 0.919| 86.925 0.915| 86.318 0.909
Time (s) 78.08 80.13 1.026 | 79.63 1.020| 79.14 1.014| 79.05 1.012
MG Energy (KJ) 59.208 | 53.132 0.897| 52.621 0.889| 52.466  0.886| 52.208  0.882
EDP (MJ-s) 4.623 4.258 0.921| 4.191 0.907| 4.152 0.898| 4.127 0.893
Time (s) 910.51 | 936.99 1.029| 933.10 1.025| 938.78 1.031| 936.50 1.029
SP Energy(KJ) 778.150 | 690.560 0.887| 681.844 0.876| 678.988 0.873| 671.022 0.862
EDP (MJ-s) 708.515| 647.046  0.913| 636.226 0.898| 637.422 0.900| 628.415 0.887
Time (s) 627.79 | 645.02 1.027| 641.43 1.022| 643.28 1.025| 642.98 1.024
LU Energy (KJ) 520.428 | 456.520 0.877| 451.973 0.868| 451.117 0.867| 450.304 0.865
EDP (MJ-s) 326.721| 294.464 0.901| 289.936 0.887| 290.196 0.888| 289.530 0.886
Time (s) 460.33 | 465.35 1.011| 468.09 1.017| 463.65 1.007| 463.92 1.008

SPPM Energy(KJ) || 374.392| 367.624 0.982| 365.563 0.976| 364.537 0.974| 363.820 0.972
EDP (MJ-s) 172.344 | 171.073 0.993| 171.115 0.993| 169.017 0.981| 168.785 0.979
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System Overhead This paragraph discusses the overhead of the system in two parts.rdthe fi
part is the overhead of changing p-states. As stated above, on this @¥MDicroprocessor the
cost to shift between p-states is between 270 and 5600 microsecondshevittedian about 570
microseconds [1]. The actual cost of this overhead depends onitiigemof shifts between p-states,
which is twice the number of reducible regions. Table 3.3 shows that théeshaverage region
length is approximately 112 milliseconds, which is more than 50 times longer thavdtaga shift
cost. Thus the overhead due to shifting is nominal.

The second part of the overhead is due to data collection, which hagpresbeginning
and end of each MPI call. The overhead consists of three parts: higattiéncall, reading system
time, and reading the performance counters. The first two parts ocayrleW| call, while the latter
occurs only at the beginning and end of each region. The cost of ab {arts is approximately
1.3 microseconds. Because shifting p-states changes elapsed time nwediegctly compare the
overhead of our technique to the baseline, which does not shift. To meetm®ioverhead of the
algorithm only, we modified the system to perform all steps except shiftinghi$ case, we can
compare elapsed time to the baseline. The relative cost of this overheasl isdasl% on all the
NAS programs (the greatest overhead is 0.38% for LU).

False negatives and positives Figure 3.9 graphically comparesmpleand compositewith two
p-state transition examples. In the first case (Figure 3.9(a)), bothrpetifie same with one false
negative during training. If no MPI calls ever repeat, as occurs in ERdimpleandcomposite
are the same. The second case (Figure 3.9(b)) shows the advantegmapisite or rather the
shortcoming ofsimple Because calf alternates between beginning and ending a regonple
always mispredicts. This results in both false negatives and false pssituée first call in the pair
is a false negative, and the user code following this region is a false @ositiv

Figure 3.10 shows the time analysissifnpleandcomposite The algorithms are applied
postmortem to the collected trace data. In practice, reducing the p-statecteasia time. Fur-
thermore, there is overhead in shifting p-states and executing each aigoritiis analysis does
not consider either of these factors because adding such costs ailglysi@approximate at best.
Rather, this analysis shows thetentialimpact by showing how much of the base code is affected
by our scaling.

This analysis divides the unscaled, base time into into four categories alongjriven-
sions: (a)IN or OUT of a reducible region and (lhue or falseprediction. Correct predictions are
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Figure 3.9: These are p-state transition examples by different MPI dédirps. FN and FP mean
false negative and false positive, respectively.

determined by examining trace data, as is dongrafile. In Figure 3.10, bars labeled “IN (true)”
and “OUT (true)” are correctly predicted. The bar labeled “IN (fadlse) false positive; the ap-
plication mistakenly executes in a reduced p-state instead of the top p-statbailabeled “OUT
(false)” is a false negative; the application mistakenly executes in the ttgighsstead of a reduce
one. Generally, a false positive is considered worse than a falseveegatiause it can result in a
time penalty. In contrast, a false negative represents a missed opportusaiyetenergy.

For SWEEP3D, 11.6% of the total execution time is considered as reducgitasen
the compositealgorithm. However, 72% among them turns out to be misprediction among them.
simplealso suffers from many false negatives. So, our algorithms could dateeEDP. For FT
and 1S,simpleandcompositehave false negatives, which explains why they are worse in EDP than
by-call. Thus,simpleandcompositere slightly faster but consume more energy. Furthermore, with

singleton regions there is no difference in the predictive powsimpleandcomposite These plots
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show that the longer training period @dompositeadds false negatives to BT, Aztec, and SMG2000.
They have 8.2, 7.8, and 90.9% more false negativessimple respectively. In these benchmarks
compositdhas fewer false positives thaimple but adds false negatives due to longer training peri-
ods. For the remaining five benchmarkempositesliminates significant mispredictions compared
to simple For CG, SP, and LU, there are in fact no mispredictionsomposite For MG, all false
positive cases are eliminated as well. In SPPM, false positive cases wifecaitgly reduced, from
13.3% to 6.2%.

For these benchmarks, the problem patternsifopleare... BABA ... and... A ... BAC ....
Those explain the improved performancecompositeover simple Because calh alternates be-
tween beginning and ending a regisimplealways mispredicts. This results in both false negatives
and false positives: the first call in the pair is a false negative, and éreade following this region
is a false positive. However, the time of the false positive is much longer tlafalde negative.
Additionally, there are many more regions found when usimgplethan with composite which
adds transition overhead.

Choosing the close-enough threshold-§ Figure 3.11 shows data for evaluatingthe threshold
that determines whether two MPI routines are “close enough.” This di@iuia done withcom-
posite Each figure is horizontally divided into two parts. The top-half plots thregiosederived
from profile data: the fraction of time for false negatives, the fraction of fiondalse positives,
and the number of regions. The bottom-half plots three empirical measueesxehution time, the
energy, and the EDP.

Clearly, there is a tension in the choicerof If 7 is too large, then a few, large regions
will result. This means that when usiegmpositea large number of false negatives would result,
which in turn would result in a significant fraction of time due to them. For exaniple = oo,
the training component will be run during the whole program, and the exgcatimponent will
never run—essentially the entire program (between first and last NMPbeaomes a false negative.
On the other hand, if is too small, thertompositavould approachoy-call, which we know from
Section 3.3.1 is often an ineffective algorithm due to excessive time duet&igoshifting.

Indeed, the figure shows that the valuerdfias a significant impact on benchmarks that
have several short MPI calls (IS and FT do not show noticeable ehiarteir figures). The goal
is, essentially, to choose farthe smallest value possible such that the region overhead (which is
proportional to the number of regions) is small and false predictions areAlbthings considered,
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Figure 3.11: Evaluating in composite Show fraction of time mispredicted and number of regions
(right-hand y-axis) as a function af For readability, right-hand y-axis has different scale for CG
and SP. (Continued in Figure 3.12.)
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and SP. (Continuation of Figure 3.11.)

we can achieve the best EDP between 10 and 20 ms, though there is watetbiat works for all
benchmarks. Again, we chose 20 ms for the value &r all benchmarks. The one problematic
application is SMG2000, which has a lot of false negatives—32% of totdwgion time in 10 ms
and 91% in 20 ms. In this case, itis likely that our approach does not deterigit communication
pattern due to nondeterministic behaviors at runtime. We plan to investigate dbisipras future
work. For SP, the choice of a longercan reduce EDP by more than 0.6%.

Choosing long-enough thresholdX) The duration of MPI calls over all benchmarks is generally
small—Section 3.1 showed that 95% of the calls take less than 10 ms. Basicalyistha extreme
bimodal distribution of times for MPI calls over the programs, because theigdsand FT take
3 and 18secondsrespectively. We apply the long enough threshbliw the composite algorithm
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to amortize the system scaling overhead. As it increases, the overhm@add®eless significant but
we lose more chances for p-state transition. In our experiments, we ertipidcaose 10 or 20
ms, the same as. However, this is not optimal for all benchmarks. For example, we acldéve
improvement in terms of EDP with 10 ms in the SWEEP3D benchmark. We do pdithaiufor
different benchmarks, where the calls may be more evenly distributedieaetif approach might
be needed to choose

3.4 Summary

This chapter has presented a transparent, adaptive system fongethep-state in MPI
communication phases. While communicating among nodes, CPU is not on thd pétltavhich
allows us to achieve significant energy savings with little performance datipa. Frequent p-state
transitions by short MPI operations, however, may result in seriodfsrpasince penalty without
benefit in energy savings. We define communication regions by clustdoisg BIPI calls together.

Our algorithms are designed to find such regions on the fly by monitoring &Rl and
keeping a state machine that recognizes the regions. Then, we useraerée counters to guide
our system to choose the best p-state in terms of energy-delay pré&die).(User programs can
use our runtime system with zero user involvement. Results on the NAS berctuita and ASCI
Purple benchmark showed 7.5% reduction in EDP and 1.92% in time on average

Our future plans include integrating the idea of reducing the p-state dwingcnication
regions with our past work on reducing the p-state during computationnggiddditionally, we
will conduct these experiments on a newer cluster, which has a gigabiorkeamd multi-core,
multiprocessor nodes. For computation, we leverage the memory or nod@écktle save energy,
sometimes with no increase in execution time. The overall goal is to design andrierglene MPI
runtime system that simultaneously exploits all three bottlenecks.
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Chapter 4

Determining the Minimum Energy

Consumption

As we mentioned earlier, changing p-state is a popular and effectiveigeehfor in-
creasing energy efficiency. However, its effectiveness is highlgégnt on the characteristics of
applications running on a system. Simply speaking, if the CPU is on a critical thatlexecution
time will be increased in proportion to frequency decrease. On the othel Hidhe bottleneck is
caused not by CPU but by other factors, such as 1/0O or network comatiaricthen execution time
will not increase as much. Therefore, applying CPU scaling judiciousiyesult in energy savings
with little or no time delay.

The problem we address in this chapter is to establish an optimal baseline&/k$ D
scaling for any application. In other words, we determine the minimum enemguonption for a
given time delay. Given the baseline, one can evaluate a specific DVR8daeh We assume that
we are given a finite number of program locations where shifting may odtw& locations define
a set of regions in programs. Then, we assume we know the time and eiexggh region for
each p-state. Further, we suppose that we have the time and energ)stticindoetween any two
p-states. A schedule is a list of p-states—one for each region. Ouitalgdinds the schedule with
the minimum energy from those under the given time limit. There are a potentially tangber
of schedulesO(F) whereF is the number of available p-states aRds the number of regions.
However, an efficient scheduling of the p-state transitions may lead to #ndptimal solution in

which the minimum energy consumption occurs within a given time delay.

The research in this chapter was supported in part by IBM UPP and 8ldRis
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Our problem is equivalent to the problem of finding a path minimizing cost treoot
node to the leaf node in a tree. Each nodefhéavailable p-states) children. There ex@number
of regions) levels in the tree. Given this tree, finding the optimal path satigfyioblem require-
ments requires the same computational complexitg{(**)). A brute-force solution is intractable
even for a moderately sized set (although all programs presented in dpigeclcan be solved with
the brute-force). Branch and bound [72] is a general algorithmic mdtrdihding exact optimal
solutions for various optimization problems. There are several branel@gg, such as depth-first-
search and breadth-first-search. The bounding is a fast way afdibdunds (upper or lower) for
the optimal solution within a feasible subregion. The efficiency of the methpdraks critically
on the effectiveness of the branching and bounding algorithms useel pdjer [41] proposed a
scheduling algorithm using it, which is evaluated on architectural simulatomvetr, we use
a branch and bound method with three branching orders after determigirsgdhing regions on
real benchmark applications. We develop our algorithm with a unique hirgn¢echnique and
bounding function to reduce the processing time significantly.

In our approach, we build time and energy models and use empirically obtdatad
Then, we design a scheduling algorithm in which the optimal schedule with minimengyecon-
sumption within given time delay is determined with precise estimation. For evaludtionro
approach, we use programs from the NAS serial benchmark suite.eSuits verify that our time
and energy estimations are highly accurate. In addition, we show thatgmuitlam is efficient—
obtaining huge reduction in running time over the brute-force method.

Section 4.1 and Section 4.2 describe our approach and implementationtixespedt
includes our time and energy estimation model and scheduling algorithm. Tiens&8 provides
the evaluation of our approach and the verification of our scheduling @ssimehen, we close with

the summary, point out limitations of our approach.

4.1 Approach

The objective of this chapter is to choose a DVFS schedule that minimizegyerar-
sumption while satisfying the allowable time delay in uni-processor progranesidéh is to explore
all possible schedules for p-state transitions in program execution. Asangoned before, we may
get different time/energy tradeoffs depending on the characteristigppiications. In this work,
we assume that we are given a maximum allowable tifag,.;; (TLimit > To, 1o IS the execution
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time at the highest frequency). We next present our time and energyl.nid@a, we describe our
scheduling algorithm to find the optimal schedule.

4.1.1 Modeling

In this section, we present our model of execution time and energy cotisamp\Ve
denoteF is a set of available p-states aitis a set of regions. MoreovefF, is | F| andR s |R]|.
First, we are given the time and energy for each region for each p-istate,

Tiand B, Vr € RandV f € F

Second, we are given the time and energy to transition between p-states, i.e.,

TT(f7 g)andET(f> g)a \V/f, g € F

whereTr(f,g) and Ep(f, g) are the time and energy to transition from p-state p-stateg, re-
spectively (Section 4.2 explains how we collect the above data.). Theprobéem is to find a
schedule (S) which is a list of p-states:

S:(f17 f27 f37 ey fR)

that satisfies the following conditions for a given del@y;,.;::

R R
T(S) = Y T} + > Tr(ficr, £) < Tiimir, and
i=1 i=2

R R
E(S) = Z E}l + Z Ep(fi—1, fi)is minimized.
i=1 =2
T(S) andE(S) are estimated values computed from the given time and energy data and thd optima
schedule. In Section 4.3, we execute the program with the optimal scheduteemsure the actual

execution time, T(S), and energy consumption, E(S).
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Region || Q1 Q2 Q3 Q4 | P-State Search Order
with 5% Time Delay
R1 1 [4, 5] [0,1,2,3] [6] [5,4,3,2,1,0, 6]
R2 1 [3, 4, 5] [0, 1, 2] [6] [4,5,2,3,1,0, 6]
R3 0 1123, 4,5] [0, 1] [6] [4,5,2,3,1,0, 6]
R4 1 [5] [0,1,2,3,4]]| [6] [5,4,3,2,1,0, 6]
R5 1 [2, 3, 4] [0, 1] [5, 6] [2,3,4,1,0,5, 6]

Table 4.1: Analysis per region in LU benchmark

4.1.2 Scheduling algorithm

In brute-force approach;’* schedules must be evaluated to determine the schedule with
minimum energy consumption and at most a given time delay. In this section, sveldscribe
our algorithm in detail. Then, we introduce p-state search ordering to iraphevefficiency of our
scheduling algorithm.

Finding the optimal schedule

Our algorithm requires the following inputs: an allowable time delBy;(;), time and
energy per region per p-stat@}“(, EJC), and time and energy for all possible pairs of p-state tran-
sitions (I'r, E7). The scheduling algorithm needs to explore a state space tree to determine th
optimal schedule. The state space tree is a tree @ﬂgo F" nodes to expres8” schedules in
leaf nodes. Each internal node has F children. An exhaustive datgdilgorithm will visit all
the nodes in the tree. Therefore, finding the optimal schedule throughxizeisgive algorithm
demands a huge computational complexity.

In our approach, we have designed a scheduling algorithm that is baskd branch and
bound algorithm [72]. Thus, our algorithm finds the exact optimal sdeedith the same worst
case complexity as the exhaustive method. In order to achieve the signiédaiction in running
time, however, we define a branching way and two bounding functions. bfdinching way is a
best-first-search method [73] in which we first look at the p-state with arlovdex in the p-state
search list. That reduces the chances of visiting unnecessary necassk it is highly probable
that the remaining nodes will be pruned by the bounding functions laterb@urding functions
are specified from observations in time and energy estimations, respective

First, we estimate the time at ttketh level in the tree indicated by the partial schedule,
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Sk‘ = <f17f2>"'7fk): . )
T(Sy) = Z T} + Z Tr(fi-1, fi)
—1 i—2

)

Then, we check if this partial schedule is valid in time as defined below:

If T(Sy) + MINg(k) < Trims then valid

R
where MINp(k) = Z Ti
i=k+1

TrLimit IS @ given maximum execution time add Ny (k) is the minimum execution time for the
R — k remaining regions. This time bounding function implies we do not need to followthrent
path in the tree because the minimal value of our estimation already exceedsxineumaime
limit.

Next, we estimate the energy for the same schedule:

k k
E(S) = > Ep + Y BErlfir, i)
=1 =2
Then, we check if this partial schedule is valid in energy as defined below:

If £(Sy) + MINg(k) < Epes then valid

R
where MINg(k) = > min(E}, |y, e 7)
i=k+1

Epest is a minimum energy consumption found until this point in the algorithm, ahdVz (k) is
the lowest possible energy consumption for fhe- k£ remaining regions. This energy bounding
function implies that there is no need to look at the path in case that our estinsdiiedy greater

than the current minimum energy.

P-state search ordering

At each node there arE children to be evaluated. The order in which those children
are evaluated can have a significant effect on the running time. In the abgorithm, we always
explore the child node in the same p-states order, such as increasirig prdier. This may cause
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unnecessary node visits in the scheduling. Therefore, we identifytatgsearch order per region
to reduce its searching space so that we reach the optimal schedulé @svigscan. The p-state
search order contains all available p-states in the order where most lidelstexd p-state in the
optimal schedule is considered first.

There are several ways to specify the ordering. In this chapter, evéhtee ways to order
p-states: ordering by time, energy, and quadrant. By time, the p-state l@tés rom faster to
slower execution time. By energy, the p-state with lower energy consumptiakes first. The
ordering by quadrant divides the p-state list into 4 groups by the baselfralowable time delay
and energy. The groups are ranked by probability in the following otttiergroup with less time
and less energy (Q1), the group with more time but less energy (Q2),dhe gith less time but
more energy (Q3), the group with more time and more energy (Q4). Thagsstaeach group is
also ordered by EDP because the p-state with lower EDP has high probabliiéychosen in the
optimal schedule. Table 4.1 gives the p-state search order per retpo@lering by quadrant in
the NAS LU benchmark.

4.2 Implementation

For any application, we first collect the time and energy data empirically. NexXind the
optimal schedule by applying our algorithm. Then, we verify our estimationlidata the schedule
in the actual algorithm. In this section, we describe several technicabigstiee procedure.

4.2.1 Time and energy data collection

We need to collect data for each program. To do so, the target progreepéaatedly
executed for all p-states without transitions. On each run, we measureﬂphadd energyE})
for each regiom and each p-state

We also need the timel:) and energy &) during p-state transitions. Our research
was carried out on AMD Athlon64 processor that is capable of DVF$heénAMD, the p-state is
defined by a frequency identifier (FID) and voltage identifier (VID) pdihe p-state is changed
by storing the appropriate FID-VID to thrmodel specific registqiMSR). The p-state transition has
three phases. In the first phase, the processor voltage is transitioted¢wel required to support
frequency transitions. Next, the processor frequency is transitiortbd foequency associated with
OS-requested p-state. In the last phase, the processor voltageittmaaddo the voltage associated
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Figure 4.1: Execution time vs. energy consumption from single p-state xecu

with the OS-requested p-state. Such a store is privileged, so it mustfoenped by the kernel. The
cpufregandpowernowmodules provide the basic support for this. Some additional tool suppedrt a
significant “tweaking” of the FID-VID pairs was needed to refine the impletaigon. As a result,
the p-state is changed with a system call. The overhead of changing the pssdominated by the
time to scale—not the overhead of the system call. For the processor ugaedimplementation,
the time overhead on a p-state transition (including system call overheadjhis iange between
280 microseconds and 5647 microseconds. measured in Table 3.2. teédsthat time increases
as the gap between p-states increases. This is because the maximum vefiagerespecified,
and we have more steps to the requested voltage level. We calculate the emesgmption by
multiplying the time and the idle power of target p-state

The time and energy per region are context-insensitive. These dateedint on the

current p-state for a region exclusively, not the p-state beforeter e region. Therefore, we can
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Figure 4.2: Execution time vs. energy consumption from single p-state texecu

compose p-state transition schedule.

4.2.2 Power measurements

In order to measure the energy consumption of the whole system, we usé&siJjVa

Pro power meter. The meter is directly attached between the wall power asgisteen’s power

connector. serial interface is used to allow the system to monitor its own gmmsumption. Our

meter samples the waveform 4,000 times per second (once per 250 micrdsead maximum

electrically. However, the meter only reports its measurements at one setenals. It causes a

precision problem of power meter because the current power usdg@aisamitted after 1 second

at maximum. This makes direct energy measurements of regions infeasitdesfdre, we store

timestamps of all regions during program executions and also generateytfa lpower usages
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separately. From the power logs, we know the average of power esagg a second. For each
timestamp, we can take the latest power usage before the time by comparing wagshé hen,
we estimate energy consumption per region by multiplying the elapsed time by tlee pmatched

in the log.

4.2.3 Finding regions

In our implementation, the regions in target programs are specified staticatigriayfor
each application. To do this, we edit the source code of target prog¥eensecognize this could be
improved by automatic insertion. Furthermore, it would be selected fromgsanalysis for ideal
region findings.

We define a data collecting operation as an entry point of region. Thenrégigpeci-
fied as the code section between two consecutive operations. Theiapetzave two execution
modesprofiling andscaling In theprofiling mode, it emits the current timestamps @Bttimeofday
call) and its program location. THecation identifieris defined as a pair of hash values of program
counters in call history and its counting value to uniquely identify an execptant. In thescaling
mode, it executes the assignment of schedule by shifting appropriatep-sta

After inserting operations, regions are defined statically in program xton€@rouping
several operations into one region may be possible depending on thd sezgams. Because of
the transition time between p-states, we do not consider the region with the timindas200
milliseconds. NAS serial benchmarks we evaluated have very small cqdersze. This limits the
number of static regions. For example, only three regions are found ire@Gimark because there
is a nested loop and most of time is spent in inner loop.

We also collapse all regions in iterative sections into one region. We cariddfottihe
NAS benchmark because the time and energy for a region do not cheegenoe. However, this
is not true for all applications. But our data is sufficient to tell when coitapis appropriate.

The effectiveness of our approach relies on correct partitioninggidbns. Coarse-grained
(only a few regions are defined) or biased (one region takes most exéoaition time) partitionings
make our approach invalid. In this case, our resulting schedule can lbeose to real optimal
energy savings. We regard the general phase partitioning as ortil@mhcomplementary research

to our work.
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Figure 4.3: Execution time vs. energy consumption per region

4.3 Results

For all experiments, we used a single-node AMD Athlon-64 system with 1 GBaif
memory. The Athlon-64 CPU supports 7 p-states (from 2000 to 800 Mhz¢. s{stem runs the
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Table 4.2: The workload analysis of finding the best schedule

Brute-force Ordering by time Ordering by energy Ordering by quadrant
(FR) 5% [ 10% [ 15% 5% [ 10% [ 15% 5% [ 10% [ 15%
MG Schedules [[ 2.401 * 103 23 37 5 5 3 3 5 4 5
(R=4) Nodes 2801 71 110 119 30 40 23 26 41 25
Time (sec) 0.059 0.005 | 0.008 | 0.008 | 0.002 | 0.003 | 0.002 | 0.002 | 0.003 | 0.002
CG Schedules || 3.430 * 102 40 40 40 1 1 1 1 1 1
(R=3) Nodes 400 58 58 58 4 4 4 4 4 4
Time (sec) 0.005 0.003 | 0.003 | 0.003 | 0.0003 | 0.0003 | 0.0003 | 0.0003 | 0.0003 | 0.0003
BT Schedules || 8.235 % 10° 94 129 132 3 2 1 3 2 1
(R=7) Nodes 960800 782 274 273 343 19 8 343 10 8
Time (sec) 14.398 0.093 | 0.027 | 0.027 | 0.102 | 0.002 | 0.001 | 0.091 | 0.002 | 0.001
LU Schedules || 1.680 * 10% 64 120 166 4 4 1 3 3 5
(R=5) Nodes 19608 183 319 296 65 121 11 64 120 19
Time (sec) 0.256 0.015 | 0.026 | 0.022 | 0.007 | 0.020 | 0.001 | 0.006 | 0.035 | 0.001
SP Schedules || 8.235 * 10° 96 161 167 7 3 1 4 3 1
(R=7)  Nodes 960800 510 520 512 223 24 8 165 24 8
Time (sec) 14.828 0.068 | 0.061 | 0.058 | 0.071 0.003 0.001 0.068 0.003 0.001
Synth  Schedules || 2.825 103 73 54 55 12 7 1 4 7 2
etic Nodes 3.296 108 | 1485 | 290 254 632 169 11 269 95 14
(R=10) Time (sec) 6007.005 0.224 | 0.038 | 0.033 | 0.095 0.024 0.001 0.04 0.013 0.001

Fedora Core 3 OS and Linux kernel 2.6.8. All applications were compiledgeititompiler 4.0.2
or the Intel Fortran compiler 8.1 using the O2 optimization.

We use applications from the NAS serial benchmark suite for evaluatiquoper We
test class B of these benchmarks. We do not use FT because it taketharod® hours for each

execution.

4.3.1 Detailed analysis

First, we describe the energy-time tradeoff for six NAS benchmarks assinggle p-state.
Figures 4.1 and 4.2 show the results of executing them on a single Athloreédgsor. For each
figure, the total energy consumption at each p-state is plotted on the yrakib@total execution
time is plotted on the x-axis. There are 7 points. Each of them indicates theepiséal. The higher
of two points uses more energy, and the further right of two points takes time. Therefore, a
near-vertical slope indicates an large energy savings with little time delay &ewadgacent p-states,
whereas a horizontal slope indicates a time penalty and no energy savings.

EP is a CPU bound benchmark, so there is little benefit through p-state trassim
the other hand, CG is a memory bound benchmark which results in largeyesasiggs and little
time delay. All the others are more typical applications which are in the middle eiihextreme
benchmarks. EP is not considered further.
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Time Estimated | Estimated | Measured | Measured Time Energy
Delay (sec) | Time (sec) | Energy (J) | Time (sec) | Energy (J) | Error (%) Error (%)
5% 34.97 34.75 3218.56 34.60 3257 -0.43 1.19
MG 10% 36.43 36.11 3168.91 35.81 3158 -0.83 -0.34
15% 37.88 37.63 3142.34 37.20 3189 -1.14 1.48
5% 715.98
CG 10% 749.16 697.16 49409.77 697.01 49165 -0.00 -0.50
15% 782.34
5% 566.68 566.20 53203.87 565.87 53521 -0.06 0.60
BT 10% 593.37 592.78 52132.53 594.42 52388 0.28 0.49
15% 620.07 594.38 52070.00 594.24 52180 -0.02 0.21
5% 571.60 571.34 49035.22 572.06 49094 0.13 0.12
LU 10% 598.50 598.33 47807.41 598.25 47891 -0.01 0.17
15% 625.40 618.70 46755.73 618.52 46782 -0.00 +0.00
5% 489.24 489.07 42807.32 489.12 42878 +0.00 0.17
SP 10% 512.33 510.99 41519.96 513.80 41994 0.55 1.14
15% 535.43 525.59 41326.46 523.21 41158 -0.45 -0.41
5% 46.43 46.41 4163.49 46.11 4141 -0.65 -0.54
Synthetic | 10% 48.64 48.50 4130.29 48.18 4082 -0.66 -1.17
15% 50.85 49.18 4121.60 49.70 4114 1.06 -0.18

In the Figure 4.3, we plot the execution time and the energy consumptiongien ey
normalizing the time and energy values. For our evaluation, we figured @Qtrégions by the
region finding method described in Section 4.2.3. We use the average of themargy values per
region in case that there is one region shown repeatedly over iteratiertiniéh and energy values
per region have 0.68% and 2.78% of standard deviations on average.

The figures show that time and energy tradeoffs per region can beediffeach other.
In other words, we get different energy savings and time penalty dépgon the characteristics
of code regions. In our experiments, we use the NAS benchmarks wiadteeative with several
timesteps during execution. So, we see that many regions have diffatbaing of tradeoffs be-
cause of the static partitioning in our implementation identifies different codimse@s a separate
region.

After figuring out the time and energy per region, we applied the schedailjngithm to
each benchmark. Table 4.2 presents overall statistics of the algorithmsloherachmarks to reach
the optimal solution. Each benchmark has three values. The first row teglitee number of eval-
uated schedules which is equal to the number of leaf nodes we visited in thestéae tree. The
second row corresponds to the number of internal nodes visited whienguthe algorithm. The
last row shows the running time to get the optimal schedule. There is a swomjation between
nodes and running time across all benchmarks. We compared the warkibe scheduling with

three different p-state search ordering by varying the given time deday 5% to 15%. The re-
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Figure 4.4: Minimum energy over time

sults reported our scheduling algorithm can reduce the scheduling \&drgignificantly, compared
with the number of possible schedulgsf{). Furthermore, ordering the p-state list provides more

opportunities to get rid of node visits in the tree in most cases.
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We verified our estimations of time and energy from the scheduling algorithenreBults
are shown in Table 4.3. We first show the allowable time delay varying fromidc¥%%. Next,
the estimated execution time and energy consumption are presented. Tdhgsmenated by the
optimal schedule of our scheduling algorithm. Then, we measured thexaalt®n time and
energy consumption by using the optimal schedule. In the last two columnsalagated the
differences between our estimation and real measurements in time and. df@rtje accuracy of
real measurements, we take the median values of time and energy aftergrtmmiexecutions 5
times. In cases of IS and CG, the schedules are same for all given timebaekyse the minimum
energy is achieved with less than 5% delay (IS is not shown in this chapeodaving only one
region). Our results show that the time and energy estimation from our aigalgorithm are
accurate with 1.48% error at maximum in overall benchmarks. In our empets, we populated the
time and energy values per region by only one program execution qefdiaming the scheduling.

In Figure 4.4, we finally show the estimated minimum energy over time for all thehben
marks. We get these plots by applying our scheduling algorithm repeatéttiyavhalved time
delay until the same schedule is generated. The results show that the miniraach dfoenergy

consumption we can achieve, given regions.

4.3.2 Discussion

In our approach, the region partitioning is a critical concern to achieee-o@imal
scheduling. This is not straightforward but we have guidelines to figutet @ffectively. First
of all, we know the lower bound of execution time in each region. The time sheutduch greater
than the maximum value of p-state transition overheads. Otherwise, our time testinvdl be
dominated by the transition overheads, which prevents our schedulingtlahgdrom estimating
minimal energy consumption. Second, we also have the upper bound inrttienof regions. In
reality, we do not need to define large number of regions for the schgdlgein, note that more
regions may cause more p-state transition overheads.

In this chapter, we assume that target programs are single procepicatgns for now.
As future work, we will address this problem on multiple processor prograith mutual com-
munications, such as MPI programs. Extending our model and estimation ltovidleaparallel
programs requires more complicated analysis because the programsliel ggsdems often use
collective operations to synchronize themselves at some points. The pratesi¢éion in one node
may cause collateral delay in other nodes, which do not guarantee to thigigbb within given
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allowable time delay. Thus, the state space tree has much more nodes toitlereohs

4.4 Summary

In this chapter, we proposed a way to achieve the minimum energy consurbgtegm
plying voltage and frequency scaling on the fly. The basic idea is to build theaimdesnergy
estimation models, given regions in programs. Then, we designed anrgffickeeduling algorithm
to compose the best p-state transitions for all regions while satisfying a tiime delay. Results
on the NAS serial benchmark suite showed that the running time can beeckdigmificantly with
our algorithm. Our time and energy estimations are highly accurate with 1.48%fevbdces at
maximum, compared by real measurements.

Our future plans include designing an automatic region finding method so thdew
termine the minimum energy consumption efficiently. Additionally, we will extend teéearch
on parallel programs. In this case, we have much more complexity not ocdube of the num-
ber of nodes, but also because of the communications each other. Theailgoz is to design
and implement a system which efficiently figure out the energy saving pdtbgt2VFS for all
programs.
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Chapter 5

Fine-grained and Accurate Power

Measurements

Energy costs in a computer system have dramatically increased in the laged&tost of
this cost is power. To increase the performance of microproces&mdoks have produced systems
that require more power to run and cool [29, 74]. To reduce the ddbkese systems, the power
(or energy) consumption has become one of the major design concemm®dern hardware and
software systems.

One important component in any detailed analysis and decision process twv@tpe
power efficiency or lower consumption is the ability to monitor actual poweswmption. Previ-
ous work with both the hardware and software has attempted to reduce pavgaimption without
decreasing performance [65, 66, 30] by measuring the power cotismngd the whole system.
With this approach, an external power meter is used, su¢toa®r Egg[75] or one of the Watts
up? products [76]. A single value that aggregates all power for thermsyshis includes proces-
sors, memories, disk drives, networking, power loss in the power sugiglyis obtained at some
maximum rate defined by the external monitor.

An external power meter has limitations, which impact the design and the eval@étio
various power reduction methods. The precision of external power snistéimited and reading
the values entails considerable latency. They also do not provide teparaer values for each

component in a system. The latency to access the power values tends tgebim larost external

The research in this chapter was supported in part by PERI - Perfiomiangineering Research Center (PERC-3)
DE-FC02-06ER25764 and RENCI award.
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meters. This limits the maximum number of measurements made in a given time. Theneddes
to be averaged over the time between the accesses. This averaging shoobtine measurements
so small duration peaks and valleys are not visible in the data. Each contgasgeits individual
power consumption, which changes depending on application chartcterig/ith external power
monitors, there is no way to measure power at the component level. Whengreluiware and
software changes to the individual components, using external meesens the direct measure-
ment of any change.

The RENCI PowerMon was built by RENCI staff to provide accurate;fjraeened power
measurements for any commodity computing system. It is designed to proviegrdiimed moni-
toring by device and to characterize static power, e.g. power suppliies@r It is expected to assist
projects that attempt to reduce power and energy consumption by proeiclingate measurements
of their effectiveness and to help projects that have a need to obsmwxes pfficiency.

The PowerMon connects inside a system to a standard 24-pin ATX poywplys It uses
a standard USB communication interface and a simple APl to communicate with tickeouts|d.
Drivers for Linux, Windows, and MacOS are available to collect theiregdfrom the device. Our
prototype separates the power cable into six different power rails ancked the values detected
by different sensors. We refer to a power rail as a sensor.

In this chapter, we focus on the evaluation of our first prototype. Firstcempare the
access latencies of the PowerMon vs. an external power meter, €aleer Egg The Power-
Mon can measure power consumption at better than 5 times the rate of theabrieter (2 Hertz)
when reading all the sensors. When only 1 power sensor is read, liteceead at about 50 Hertz.
This increased measurement rate allows a more accurate view of the pdization to be gath-
ered. Using several simple test programs, the fine-grained power ragant allows the individual
component’s power usage to be distinguished. Once identified, we shewdwer usage varies
over time even within simple benchmarks. When attached the power overheaahiboring is rel-
atively small, on average about 0.44 W. Using both use the PowerMonraaxternal monitoring
device simultaneously, the power supply efficiency and hard disk posagreucan be computed.

In Section 5.1 we describe the RENCI PowerMon, our prototype poweitangincluding
its specification and supporting software tools. The evaluation sectioneXpiyres some of the
possible uses of the PowerMon on a desktop system. Finally, we summarizeruand describe
revisions for the next version of PowerMon in Section 5.3.
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5.1

Figure 5.1: PowerMon prototype board

The RENCI PowerMon is an inexpensive measurement device designeahitor indi-
vidual DC power rails provided to a PC motherboard by a standard AC/D@psupply. It supplies
power consumption values to the outside world though a USB connection.

The device consists of six Analog Devices ADM1191 [77] digital power moohCs and
an Atmel ATtiny45 [78] micro-controller. The power monitor ICs amplify a vo#adjfferential
across a precision 5 milliohm resistor. The amplified voltage is digitized on-ci wa 12-bit
ADC, and the digitized values are accessed via an integidtédransceiver. The micro controller
is programmed with a modified version of Till Harbaum’s i2c-tiny-usb [79] fiemev The i2c-tiny-
usb implements the appropriate timing and logic to control the bo@fd’sbus via USB. The data
from all individual sensors is accessed though USB protocol. Anagsgt prototype with a more
capable micro-controller with a hardware USB interface is capable of tioge800 complete sets
per second, or over a thousand sets if only the currents are collected.

The PowerMon basically intercepts all the power cables between popellysand moth-
erboard. The cables are first connected to PowerMon internal metethan the jumper cables
from the PowerMon are linked to the motherboard. It does not measupiher consumption of
any component that is directly connected to power supply, such as tsxdFbr some systems,
it would not catch the power consumption for cooling fans drawing powectly from the power

supply. The systems examined to date drive their funs from the motherboard
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Driver

A driver for the i2c-tiny-usb interface is built into the Linux kernel in vierss 2.6.22 and
above. A kernel module is available for earlier versions. With the drivealled, the operating

system can interface directly to tiéC bus and each of the ADM1191 ICs.

power (W)

Figure 5.2: A reading from different sensors

A sample utility was created to demonstrate the process of collecting sendiogeé-ig-
ure 5.2). The application iterates through availal3i€ buses until the i2c-tiny-usb device is found.
The application then queries each of the sensor ICs for a combined valtageurrent reading
(three bytes total). The received values from the ICs’ analog-to-digitaerters are converted to
voltage and current using the formula available from the manufacturaigskdeet. Besides the ker-

nel driver, PowerMon program requires the' Tools for Linux from the Im-sensors project [80].

A monitoring daemon

We develop a monitoring server application running on a system connedtesl Fower-
Mon by USB cable. It runs as a daemon process accessing to the meiauoasly and serving
a client request. Each time the PowerMon is accessed, the voltage aedt@re returned for the
specified power sensor. To compute the power usage and the enagyngation over time, the
monitoring process continuously collects the power usage at the maximum sgunadén The pro-
cess also serves the latest measurement locally or remotely over TCRopomtocurrently. Energy
consumption is computed by numerical integration. The client can ask the powaeergy values

with different command option.
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5.2 Evaluation

To understand the performance of the prototype RENCI PowerMon, itasteed to an
HP Pavilion with a 2.3 GHz AMD Phenom processor and 4GBs of DDR2 menkanyctionality,
performance and overheads are compared against a standarciextenitor, thePower Eggby
WatchDog.com. As with most recent commodity machines, our system has tvar pables be-
tween the power supply and the motherboard: a standard 24-pin conardtan additional 4-pin
connector dedicated to CPU. Many systems use additional 8-pin conimestead of the 4-pin. By
changing the set of jumpers as needed, the PowerMon also supportehgibk.

The prototype PowerMon is tested to determine its maximum response rateafehis r
important for any measurement or tool that attempts to understand finegnaémformance and
power fluctuations. With this knowledge, a series of micro-benchmarketosdetermine which
components use which power sensors. After identifying the componente#sh several of NAS

NPB benchmarks are run on the system and the results are reported.

Table 5.1: Comparison of PowerMon and Power Egg access latencigsr Egg requires at least
480 ms between requests.

Time | Required delay between Maximum number of
(ms) measurements (ms) | measurement per second
One sensor | 17.004
All sensors(6)| 102.007 0 9.804
Power Egg | 173.942 480 1.529

5.2.1 Access latency and accuracy

Average response time measured for both power meters, as shown in5Tabl@he
external power metePower Eggis connected via RS-232 serial connector and the PowerMon via
USB connection. Since the prototype PowerMon only allows access toemsersat a time, the
access time for both cases is shown. To compute total power consumed imptierboard all
sensors need to be measured, but the measurement of individual camgooan be performed at
higher rate. The time to access a sensor does not depend on whichisdmsiog checked. The
PowerMon takes about 17ms for each request or about 102ms foealktisors, or about 9.8Hz.
Although aPower Eggrequest takes about 174ms to return, it will not compute new values for
480ms after the request limiting performance to about 1.5Hz. or 1/6th of tlverRtmn prototype.

The difference of power consumptions of the PowerMon is compared véthaiver Egg
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Figure 5.3: Accuracy comparison of internal and external power meters

in Figure 5.3. Using a micro-benchmark with an adjustable floating point bpereate, power
utilization is measured with both monitors independently. The two monitors weteated in-
dependently to prevent any interactions between the meters. Figure %8 8o power values
collected by each monitor at the monitor's maximum raerfmon2performance module using the
hardware performance counters is used to calculate the average MiFliyesruns. The two lines
show the power as measured by the PowerMon andPthieer Eggin Watts. The benchmark was
run 13 times and the median value reported. To minimize the measurement aveheebench-
mark ran for 2 minutes. PowerMon shows a much larger range betweenatiadlpoint unit being
nearly off and being saturated. The PowerMon measures differerice52 Watts, as the Mflop
rate rose from 5 the 2592. By contrast, Pmwver Eggonly records a difference of 4.24 Watts over
the same range. This is because the power consumption frofPother Eggincludes the power
consumptions of power supply and hard disk, which does not nedgssearease by the number of
floating point operations.

Since the PowerMon does not monitor the power used by the power sugmyddrives,
the Power Eggline is higher. The range of entire system power usages is smaller as flpatirtg
activity is increased. We believe that much of the difference is a resulhmiodeled changes
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in power consumption of hard disk and power supply, as well as the a=xteprecision of the
Power Egg The rise in power supply efficiency hides the increase in power actuatiyurned by
the motherboard from the external meter. This is a result of where the measut is occurring,
external meters must sit outside of the power supply and are vulnerahhy iwhanges in power

utilization by the power supply itself.

5.2.2 Fine-grained power measurement

The RENCI PowerMon has 6 individual sensors, each responsibiedasuring a differ-
ent power sensor from the power supply. Which hardware compaoisestwhich power sensor must
be determined for each system. This can be done by checking the motttedocamentation or
by empirical tests, i.e. running benchmarks and examining what changese$5.4, 5.5, and 5.6,
show various power measurements fromRogver Egg all 6 PowerMon sensors and the calculated
total using the PowerMon, while running two simple benchmarks ( infinite lodplé¢L){ }) and
STREAM [81)).

Figure 5.4(a) shows the transitions of power consumption, as more gerestae run-
ning CPU intensive (but no floating point operation or off-chip memoryesses) threads. Every
30 seconds an additional core starts to run the program on an idle ceree &an see there are,
as expected 5 power level steps one for each core count. Only ahegemsor 6) of the sensors
increases value as the core count increases. For this test, the otb@isssaw almost no change.
Sensor 6 reacts to the power utilized by the AMD Phenom processor. WitotierMon, several
one time anomalies in the power utilized are observed. We believe these todsel dauvarious
Linux daemon processes running on other cores for short peridiisef These fluctuations are lost
looking at thePower Eggresults (blue triangles), because of its low monitoring rate and smoothing
effects.

Figure 5.4(b) shows the power monitoring results of running STREAM-CddRch-
mark [81] which measures effective memory bandwidth. As the number eddisrincreases from
1 to 4, each thread runs on a different core and the program used meee. pThe largest power
changes occur on sensor 6 ('CPU’), but we also see sensors®raadting to the increase memory
utilization. As we reduce the number of physical memory DIMMS, the power etiladong sensors
2 and 4 fell. For this system, these 2 sensors are shared by the memory madtha€sPU power
consumption is not as high as measured in Figure 5.4(a). This is expeoziiee STREAM is
often waiting for memory requests to complete.
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Figure 5.4: PowerMon andower Eggmeasurements with different active thread/core counts
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Figure 5.5: PowerMon andower Eggmeasurements running Iperf benchmark.

We attempt to isolate the Network Interface Chip power, in Figure 5.5, byutirgcthe
TCP bandwidth measurement benchmark, called Iperf [82]. There ignificant variation in any
sensor other than the 3 previously identified, for the CPU and memory modtkés confirms
that the power required by a NIC does not tend to depend on the numbés dfansmitted, just
maintaining the connection requires the NIC to be active which is the majority pither used by
the NIC. When it is active, it consumes consistent power by continualljisgrand receiving bits.
This is consistent with Feng, et al. [27].

Next, we examine the power utilized by various PCI cards installed on thensy3Jtee
HP Pavilion had two installed PCI cards, one for VGA output and one foFr\C/&our configura-
tions were tested with them: neither installed, only VGA installed, only CATV installedi both
installed.

Figure 5.6 shows that the CPU and memory power usage is consisterdrés2ng, and
6 over all configurations. The Power consumptions from sensors 3 ahdnge depending on the
different PCI configurations. These two sensors clearly supply péevehe PCI bus, with the
12.0V bus (sensor 5) dominating the 3.3V bus (sensor 3). Together, istadés the two PCI buses
account for 34.2% of motherboard power usage and 24.2% for ensitersypower usage. Clearly,
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Figure 5.6: PowerMon andower Eggmeasurements with different PCI cards installed.

controlling power utilized by the PCI bus when the system is in idle state is sigmtifica

Figure 5.7 compares hard drive energy usage under changing dgstésn The no-disk

drive configuration is accomplished by booting an Ubuntu Linux kerehfa USB flash drive and

running CPU intensive while-loop program to increase system load. dwe®lon, as expected,

shows no difference in power depending on whether the disk drivanstaled. ThePower Egg

sees an increase in the power used by the system between the two aditfigurTable 5.2 presents

the measurements for both cases. A hard disk installed increased thekgtver usage between
5.212W and 7.325W depending on system load. This is consistent with whaigen observed by

Table 5.2: Measured hard disk power consumption

Power Egg& PowerMon | Power Egg& PowerMon | Derived disk
diff with disk (W) diff with no disk (W) power (W)
Idle CPU 19.369 14.157 5.212
1 core running infinite loop 21.438 13.553 7.885
2 cores running infinite loop 20.924 14.322 6.603
3 cores running infinite loop 22.248 14.898 7.350
4 cores running infinite loop 23.392 16.067 7.325
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Figure 5.7: PowerMon andower Eggpower measurements with/without a hard drive.

others [27, 83].

5.2.3 Power monitoring overhead

One important aspect of using the PowerMon understands its overh@&dssing a
separate system for monitoring, the performance overheads havesliearated on all of these
tests. The power overheads are not eliminated. Figure 5.8 shows thas@drepower usage
(externally measured with tHeower Egg from the presence of and frequency of monitoring with
the PowerMon. The smaller time intervals indicate more frequent accesses RowerMon by
the monitoring system. When the PowerMon is not connected, an idling systesuroes 78.02W.
The power consumption increases only about 0.06W when the PowerMmmingected but not
used. Monitoring 5 times a second, results in a total power increase of dwl [ithe monitoring
is continuous JOHZ), the power overhead rises to 1.79W (about 2% of total systeremot the
maximum sampling rate, the CPU time takes up to 1.5 % in one core.
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Figure 5.8: Power consumption over different monitoring intervals.

Table 5.3: Power supply efficiency by CPU loads on a quad-core AM&En&im machine

Input power (W) | Output power (W)| Power supply| Power supply

(external power)| (internal power) | overhead (W)| efficiency (%)
Idle CPU 105.71 72.61 33.10 68.69
1 infinite loop 131.62 91.63 39.99 69.62
2 infinite loops 150.30 105.41 44.89 70.14
3 infinite loops 176.02 121.76 54.26 69.17
4 infinite loops 204.69 140.67 64.02 68.72

5.2.4 Power supply efficiency

One of the driving questions motivating PowerMon is to understand thet effgoower
supply efficiency. The efficiency is defined by dividing the output poafepower supply by its
input power. The information from external power meters is limited by the tfzadt they must
measure the inputs to power supply. We use PowerMon to obtain the outgpawerf supply.

It is known that the efficiency varies by power usage from a poweplgug4]. Also,
different power supplies may have different characteristics in effigieiihe efficiency of power
supply can hide other changes in the system. In CPU power utilization, tleestiffe between two

chips can be masked by differences in the power supplies for the systberefore, characterizing
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Table 5.4: Power supply efficiency by CPU loads on a quad-core IrleiNdm machine

Input power (W) | Output power (W)| Power supply| Power supply

(external power)| (internal power) | overhead (W), efficiency (%)
Idle CPU 142.79 97.96 44.83 68.6
1 infinite loop 173.99 125.19 48.80 71.95
2 infinite loops 189.54 138.85 50.69 73.26
3 infinite loops 206.49 154.93 51.56 75.03
4 infinite loops 224.16 168.20 55.96 75.04
5 infinite loops 229.80 172.44 57.36 75.04
6 infinite loops 234.97 176.87 58.10 75.27
7 infinite loops 240.17 183.12 57.05 76.25
8 infinite loops 245.12 185.91 59.21 75.84

power supply efficiency is essential to understand overall powenimkan a system.

In this section, we evaluate the power supply efficiencies from two differechines:
a quad-core AMD Phenom machine and a quad-core Intel Nehalem reagtimHyperthreading
technology (8 effective cores). The machines have 350W and 700vermupplies, respectively.
In order to obtain the input power of power supply, we use the WattsUp piR@r meter. The
output power of power supply is measured by PowerMon. We measusdfitiency over varying
CPU loads. Adding a CPU intensive while-loop to each CPU core makes ificigh change in
power consumption because the core running the loop goes into an actieefram a low-power
mode.

In Table 5.3, we show the power supply efficiencies measured in diff&@Bb loads.
The power consumption of power supply significantly increases from 8@4W as the number
of the loops increases. Due to the increase of internal power consumnimtigayer, the power sup-
ply efficiency changes only about 2%. The same evaluation is made ordecqrelintel Nehalem
machine as shown in Table 5.4. In this machine, each physical core igigbanen two threads
simultaneously due to Hyperthreading technology. The internal powereiif€e up to 4 loops is
more than 12W but there is only about 4W difference from 5 to 8 loops. Tihisdause we run the
first 4 loops on different CPU cores. So, the CPU power consumpti@rcofes is relatively bigger
than the power when running 2 loops on one core. The power consungftimswer supply in-
creases from 44W to 59W as the CPU loads increases. The power sfifipgncy increases about
7%, which is bigger than the efficiency change of the Phenom machineeffitiency difference is

more noticeable when we add up to 3 infinite loops at the beginning. Thenifidierey remains
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around 76%. The study [84] shows that the power supply efficiengg@ses and then decreases
as the power load grows. Our results show the similar curve in that the effjciecreases at low
power loads and decreases at high power loads. But there is no sighdifference at high loads
although the power consumption of power supply continue to increaser kvaluations, however,
we could not test a full range of power usages in power supply bedhespower consumption of
each component in a system is limited.

5.3 Summary

In this chapter, the RECNI PowerMon has been described, includingtbethardware
design and the software tools to allow internal power measurements onrstales&top systems
available today. We show that the power of individual components careferately measured
from six power sensors multiple times a second. The accuracy and adewere evaluated and
compared with an external power meter. By reading the external metersdrtieetime, the power
supply efficiency is derived and the hard disk power consumption cowhpute

Our plan is to use the PowerMon to profile the power consumption in paratietiisn
tributed systems and to analyze the power usage patterns of differenbgentp in a system by
workloads. In Chapter 6, we model the system power consumption usidgéie performance
counters. The accurate and find-grained monitoring features in Paveshpports the accuracy of
our prediction model.
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Chapter 6

Power Prediction on Multi-core system

via Performance Counters

In recent computing systems, the analysis and/or the optimization of powsgyyerun-
sumption becomes one of the critical concerns [85, 86, 87]. Many congpsyistems including
supercomputing and clustering machines, support real time power messusgevia either inter-
nal or external power monitoring devices. Although these dedicatedrpmeaitoring devices
support fine-grained, accurate power measurements, there is a signifetay required to commu-
nicate with them at runtime. This communication delay may cause unnecessay/gerformance
penalty when dynamic decisions are made. In addition, measuring the pomg&rnaption sepa-
rately on hundreds or thousands compute nodes is troublesome for zliastgr. Therefore, we
figure out how to estimate the power consumption with performance datavelsera system.
Since the power is proportional to the utilization of system resources andiliration can be mea-
sured by performance monitoring, the power consumption can be déxyw#te performance data
with reasonable accuracy.

This chapter presents how to establish our power prediction mechanism pesifor-

mance data on multi-core architectures and evaluates how accurate it is.

The research in this chapter was supported in part by PERI - Perfiomiangineering Research Center (PERC-3)
DE-FC02-06ER25764 and RENCI award.
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6.1 Approach

In this section, we describe our detailed approach regarding how to buitddaction
model. Our approach mainly consists of the 4 steps: profiling power afatpance data, selecting
representative performance counters, establishing a prediction madelabdating the accuracy
of our prediction model. We describe each step in the following subsections.

6.1.1 Measuring power and performance

For hardware performance data, we collect the performance coundensLinux sys-
tem with thePerfmon2 [88] package. The application programming interface of Perfmon2, called
libpfm, is used to gather the performance data per code region at applicattoneun

For power profiling, we use an internal power monitoring deviRayerMon described
in Chapter 5. The PowerMon is an internal power meter that measures ponsumption of six
different power rails between power supply and motherboard. Thegeottad current, and therefore
the power consumption, are measured for each power rail and carebéausalculate power for
specific components. It provides fine-grained and accurate powaunegaents for any commodity
computing system.

The PowerMon measures total power consumption of all the componentysteansbut
the power supply. Since the power consumption of power supply is direathglated with the

internal power consumption, we can easily incorporate it into our model.

6.1.2 Profiling power and performance

For a better accuracy in power prediction, it is important to profile the pawdiperfor-
mance data with fine granularity in execution time. In many applications, the pamweeperfor-
mance characteristics vary by code regions at runtime. For example atleeoften many distinct
parallel regions in HPC applications, such as computation and I/0O. Therefe divide the ap-
plications into several code regions and profile the data per regiontifidieg code regions may
be different by applications but we target for parallel applications ttuatathe scalability of our
model. In OpenMP [89] applications, determining parallel regions is straigidird by find the
OpenMP parallel directive, such @8viP PARALLEL
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6.1.3 Selection of performance counters

First of all, we determine the representative performance counters aamaitgble coun-
ters. The number of representative counters is limited by underlying systdntecture. For ex-
ample, AMD Athlon or Opteron architectures support monitoring up to 4 harelyperformance
counters at given time. Pentium 4 architecture supports monitoring up toutBere at the same
time. In general, more performance data help to build a better power predictidal because the
power is consumed by many components in a system. In this chapter, we eMypgsformance
metrics because our machine with a quad-core Phenom processortsuppoitoring at maximum
4 counters concurrently. According to our evaluation, however, wéaachieve a better goodness
of fit of our prediction model by adding more metrics in our regressionumsxeaore information
can provide a better prediction model in general.

In order to determine the best performance counters for our model, ev8pgarman’s
rank correlation method [90], which describes the relationship betweewariables without mak-
ing any assumption about the relationship. After correlating each penf@er@unter with power
consumption, we can determine the representative performance cdunhtedering them. Given a
set ofn data set denoted by(x;, v;)}!'_,, the Spearman’s rank correlation coefficient i€ calcu-

lated in Equation (6.1).
63 (zi —wi)?
1 (1) (6.1)

p=
In Table 6.1, the Spearman’s rank correlations of performance ceuniér internal
power consumption are shown in order. Note that the correlation ordeerstceably different de-
pending on different correlated power consumptions. For example) tileepower rail is directly
associated with memory, the performance counters related to memory peréersach as MEM-
ORY_CONTROLLERREQUESTS:ALL or CPUO_REQUESTSTO_MEMORY _IO:ALL are on
top in the list. However, the memory power consumption (approximately, oned&@RU power
at maximum) is relatively small compared with CPU power consumption in our systeniod/s

on correlation information with CPU or internal power consumption.

6.1.4 Applying multivariate linear regression

In this chapter, we use a multivariate linear regression method to build a posekcipon
model. Suppose we have a setrobbservations denoted byj;, zi1, ..., xip}le, wherey; is the

dependent variable ang is p-vector of predictor variables. Let = {31, 32, ..., 5,} denote the
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regression coefficients corresponding to the predictor variable. imodel, we assume that the
relationship between the dependent variable and the predictor variapleresxanately linear. This
approximated linear relationship is modeled through a random eftomhich is an independent

and unobserved random variable. Our multivariate linear regressiomisifated in Equation (6.2).

yi = Bz + Poio + ... + Bpzip + €, =1,...,n (6.2)

Finding the regression model fitted to the observed data set indicates thaidaten
of the regression coefficients;. Theleast square fittingnethod is a commonly used estimator to
analyze the given data set. It basically identifies the best-fitting model by minimttzéngum of

squared deviations of predicted and observed values as formulatedatidty(6.3):

2
n

P
S(B) = Z Yi — Zﬁjﬂﬁij (6.3)

i=1 j=1

It is not known that there is a general and invariable relationship betweeer and
performance counter numbers. The relationship may also depend on pérfchmance counters
are chosen as a predictor variable. In prior work, eeal.[91] mixed linear and non-linear models
but modeled a linear relationship for performance counters as used apptwach and Singét
al. [92] empirically established a piece-wise prediction model for power piiedic According
to our evaluations, however, our model can achieve reasonable fediccuracy. The linear
model can be easily generated and applied when on-line prediction apththola is required. For
non-linear prediction models, we will investigate more research on determanipajter concrete
relationship of power and performance counters in near future.

With our linear regression model, we make an analysis of the goodnessusitif the

coefficient of determination to determine the best model [93]. It is denatétia

SST = (yi —9)*

%MzZUm%@Q

 SSM

2
R_SST
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where SST represents the prediction error when the averagey#uesed as an estimate for the
response variable. On the other hand, SSM represents the amourdrohéhe regression model.
Its value ranges between 0 and 1. The value is close to 1 if most of the iligriabserved in
the response variable can be explained by the regression model. Ivadumteons, we make three
different groups of performance counters and show their coefiofesleterminations. We pick the
best performance group close to 1 and use it to generate a predictioh mode

For the validation of our prediction model, we divided the power and padarce pro-
filing data into two sets: generation and test. The generation set is solelyougederate a power
prediction model. The test set is used to verify the prediction accuracyrahodel. Our test sets
include different profiling data in three dimensions: core frequencmbar of active cores, and
application problem size. We report how well our model can predict tigepaonsumption in

different configurations.

6.2 Evaluation

To evaluate the performance of the power prediction model, we collect therpance
data on a HP Pavilion with a 2.3 GHz AMD Phenom processor and 4GBs ofZDDB&mory by
running NAS NPB OMP and SPEComp benchmarks. The PowerMon is useeasure the internal
power consumption every 100 millisecond.

For the statistical analysis, we use the package R, a free softwarereneint for statis-
tical computing. All the statistical analysis described in Section 6.1 were aut@ihaperformed
by this tool.

While running the benchmark, we first profiled the performance data @&npolativer con-
sumption. Note that we collect the performance and power data per agide te derive a better
prediction model with fine-grained measurements. Then, we figure outtire@lation for all code
regions. The Table 6.1 shows the performance counters highly cod&atepower consumption.
All the performance counters in the Table have reasonably high correlaitause they are directly
related to rely on the CPU (including Cache) or Memory resource utilization.

Given the promising performance counters representing the correlaitiompower con-
sumption well, we now determine a group of performance counters thatisisesba power pre-
diction model. As we mentioned, the number of performance counters in @ gepends on an
underlying architecture. Since we use a AMD Phenom processordtradion, only 4 performance



Table 6.1: Correlation of selected performance counters with internapansumption

Correlation

Performance Counter

0.200

RETIRED.UOPS

0.165

DISPATCHSTALLS

0.091

MEMORY_CONTROLLERREQUESTS:ALL

0.084

INSTRUCTION.CACHE_FETCHES

0.084

RETIRED.MMX _AND _FP_INSTRUCTIONS:ALL

0.074

DRAM_ACCESSESPAGE:ALL

0.069

L3_CACHE.MISSES:ALL

0.060

RETIRED.INSTRUCTIONS

0.052

DATA_CACHE.ACCESSES

0.050

CPU.IO_REQUESTSTO_MEMORY_IO:ALL

75

Table 6.2: Three selected performance counter groups and theirceze#i of determination of

multivariate regression

Group R?)

Performance Counter

1(0.681)

RETIRED.UOPS
DISPATCHSTALLS
L2_CACHE.MISS:ALL
RETIRED.MMX _AND _FPINSTRUCTIONS:ALL

2 (0.619)

RETIRED.INSTRUCTIONS
CPU.CLK_UNHALTED
L2_CACHEMISS:ALL
MEMORY_CONTROLLERREQUESTS:ALL

3 (0.800)

RETIRED.UOPS
DISPATCHSTALLS
DATA_CACHE.ACCESSES
RETIRED.MMX _AND _FP_INSTRUCTIONS:ALL

counters can be measured at the same time. We may choose any combinatiperfafrchance

counters among them to make a power prediction model. In Table 6.2, we shosvaf perfor-

mance groups. These groups are selected by choosing perfornamters measuring different

types of resources in a system. The table shows their coefficients aiilea¢ion of multi-variable

regression to compare the goodness of the fit by the regression. s sthe last group indicates

its goodness of the fit outperforms the others. In other words, the piredimodel using the last

group is likely to predict the future power consumption well, compared to trerstit may be pos-

sible to construct a better prediction model either by different combinatiperdérmance counters

or by increasing the number of counters.
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Figure 6.1: Distribution of prediction errors

For our evaluations, we use the group with the highest coefficient ofrdetation in the
table. In order to build a power prediction model, we used the performartpaver data profiled
while running the NAS NPB benchmark. The benchmark is executed onabihrehere a different
thread runs on a different CPU core. In our profiled data, we alsedatitt performance and power
data of the system at idle state.

Then, we used multivariate linear regression with the profiled performandepower
data to generate a power prediction model. In this process, more compliegtedsion method
can be applied to derive more accurate prediction model, such as nomigeassion or piecewise
regression. We conclude that our prediction model is overall goodgéntu predict the power
consumption with reduced complexity for a fast decision.

Given the prediction model by regression, we evaluate how accuratesttiiefion model
is. The Figure 6.1 shows the distribution of prediction errors. From all tbélipg data, we
calculate the error every 500 millisecond, regardless of code propéltiedistribution is obtained
from about 34000 prediction evaluations. As shown in the figure, mosteafiction errors are in
the range of -5% and 5%. The positive error in the figure indicates tpreeliction, that is, the
predicted value is lower than the measured value. The mean value is abowh8% means that
our prediction model is accurate.

We then evaluate the prediction model for OpenMP applications. In this eéivadusve
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show how accurately the power can be estimated in code regions. Thisdestliscted on different
applications and execution configurations. The Figure 6.2 shows thefwadaccuracy of the
same NAS NPB benchmark with 5 different execution configurations. \Weh& benchmark by
increasing the number of threads up to 4. On single thread execution stiagepaef the remaining
3 cores are scaled down to the lowest CPU frequency (1150 Mhz). éuothier hand, each thread
run on different CPU core on 4 thread execution. We also run it with tlgetgroblem size (class
C). We could not test some benchmarks in class C due to a compilation efionitegl computing
resources.

With the profiled data, we test the prediction accuracy as shown in eafigjuseb The
accuracy of prediction is measured by mean, median, and maximum valugés tHdbthe mean
and max values are same in EP benchmark because there is only onegiodelrat takes long
time in a single run. In all the other benchmarks, several hundreds osghds of predictions
are evaluated during single execution. As seen in the figures, the guezdittion accuracy have
5.6% error on average. In most of benchmarks, the mean error is les4QB&, except EP.B on
1 thread (18%) although some of predictions are as high as 20% that makagetlage prediction
worse. While the most of benchmarks achieve good power prediction,dP1Bhread execution
has the worst accuracy. According to our analysis, this mispredictiorusedaby over-prediction
in which the prediction value is higher than the actual measurement. This igdeettee power
consumption increases fast on low utilization and then become slow on hightigitiz&herefore,
our regression line stay higher than real measurement on 1 threadieredds future work, we
will further investigate this issue to derive more accurate prediction model.

In Figure 6.3, we evaluate our prediction model on different benchm&REComp
benchmark. We also profiled the power and performance data on 4 leassiad configurations.
Although our prediction model is derived by the data from NAS NPB benckntiae average pre-
diction errors remain below 10%. Our analysis show that the worst premctiwicated by the
maximum are most from the first or the end of code regions in our profileal d&/e think that
while executing these code regions, the system states are not stabilizedsdiliing the caches or

irregular resource usage patterns.
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6.3 Summary

In this chapter, we developed a power-performance model that ceglaterpower and
performance data on a chip multiprocessor machine. To establish antaquadiction model, we
profiled power and performance data of parallel applications on multipleuére configurations
and figured out their correlation with linear regression. According tovhakiations, we determined
the best correlation using regression with profiled power consumptiopenfarmance counters of
well-known HPC benchmarks. The results show that this power-perfareneorrelation is valid
for multiple different system configurations.

We plan to advance this research to predict power consumption in vawolesregions
of an application and eventually to improve overall power (energy) efitgieOur work will then
focus on developing a runtime power-performance adaptation framewbikh can dynamically

tune power and performance behaviors.
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Chapter 7

PADD: Power Aware Domain

Distribution

Modern data centers usually have computing resources sized to hapeietexk peak
demand. However, peak demand events are rare, and average degametally far less than peak.
Although there is no systematic analysis of server utilization across wide i@dgata centers, a
recent study estimates the average utilization to be between 5% and 20%H@h. in highly
customized IT environments, it is hard to achieve 50% utilization. Thereéolaige number of
computing resources are idle much of the time. This presents an opportunggvier savings if
we can shut down or hibernate physical machines not needed for tletcworkload while still
providing the required continuity of service. Fortunately, several modietualization systems [95,
96] provide the ability to migrate running virtual machines without interruptioom@ining live
virtual machine migration with the ability to power physical machines on and afisttine data
center into a dynamically resizable pool of compute resources.

Powering servers on and off is a well-studied techniquéldiaa workloads such as trans-
action processing. Such workloads consist of many, short-livedperient requests which are
serviced by homogeneous software running on multiple physical systemageuvdr, many environ-
ments do not run fluid workloads. Instead, they execute coarse-goakioads, such as database,
batch, hosting or business logic systems which do not use a single wodikta@utor or which
require heterogeneous software. Increasingly, the performaqugements of such workloads are
specified in terms o$ervice level agreements (SLAghich give the throughput requirements for

The research in this chapter was supported in part by an UniversityePsinip award from IBM.
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each application in the computing environment.

In this chapter, we use simulation to evaluate the power and performaectsesf dy-
namic workload consolidation for such workloads in a virtualized environmigre workloads are
separated into multipldomains Data center power is reduced by packing multiple domains onto
fewer physical nodes during periods of low utilization and expanding theeck onto more systems
when the usage rises. We call this coarse-grained packing sdhewer-Aware Domain Distri-
bution (PADD) In this chapter, we explore the energy savings and performance imipactning
heterogeneous domains in terms of demand and SLA.

One relatively new environment that may benefit from the PADD appr@atte Utility
Grids, which are clusters that are time- and space-shared by clients who wéhrarbitrary work-
load. Amazon’s Elastic Computing Cloud (EC2) [97], NCSU'’s Virtual Computiab (VCL) [98],
and IBM Blue Cloud [99] are examples of this kind of grid. A key feature &t thinlike HPC
or business grids, the workloads that will be executed are not neitgssa-to-completion or
throughput-oriented, but rather a mix. Some domains may run HPC-styleapggmsically have a
demand of 100% for the entire runtime. Others may be throughput-orienddthan fluctuating de-
mand. Finally, some may act as human interfaces (shell, VNC, etc.), anartuestly low levels of
demand. Given that the heavy use of virtualization by such grids, wekt@see a power-savings
benefit from using PADD’s domain packing.

The simulation tool used in this chapter simulates dynamic domain packing based on
traces of real-world workloads. It predicts both the power saved ang@diformance impact of a
using PADD with a particular set of parameters for a particular workloag@®sented by a trace.
By using a variety of traces, we are able to assess how generally appiR&DD is. The simulation
also allows us to study how sensitive the results are to particular parametbrassbuffer sizes and
the time that it takes to migrate a partition or turn off a machine.

Our key contributions in this research are:

1. We developed a dynamic algorithm for placing domains to minimize total endridgy avoid-
ing SLA violations. Its key feature is the use of a two-level, adaptive buaffescheme which
reserves capacity. Our scheme absorbs workload surges to avoidi@ations, but adapting
the buffer sizes to the workload reduces the amount of energy wastbée bnffers.

2. We provide a trace-driven simulation study of the energy benefits amktifiormance effects

Xen [95] uses the terrdomain which is used in this chapter as a general, conceptual term for eagpaxiton.
Other terms in common use argtual machine (VMyndpartition.
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(a) Node states (b) Domain states

Figure 7.1: Node and Domain state diagrams. Each edge indicates the tramsidaelay.

of our algorithm along with studies of its sensitivity to various parameters.

In contrast to the prior work presented in Section 2.3, we study powergearent for
a coarse-grained environment where the unit of work is a domain. Wenasthat domains have
long lifetimes and contain state which must be maintained. Our approach is to negtatedo-
mains between nodes, instead of request distribution. This introducesidAitative changes to the

problem.
1. Unlike redirecting requests, there is a significant time and energy cosgtating domains.

2. The number of domains does not change (or at least changes stety)hough the compu-

tational demand of each domain may change quite rapidly.

The rest of this chapter is organized as follows. Section 7.1 presentsaidel of a
computing environment with coarse-grain workloads, and Section 7.2 gipeecise description of
the PADD algorithm, discusses the parameters affecting it and presentssibs df our simulation.

Section 7.3 presents our simulation results while Section 7.4 suggests futlkranadoconcludes.

7.1 Model

This section offers some quantitative basis for our approach as wedifiméng) the basic

structure of the power and performance model used in our simulations.

7.1.1 Machine State and virtualization

PADD distributes domains onto the available physical nodes using dynamictimigra

and controls the number of physical nodes by turning them on and offinaligely, if the systems



84

Table 7.1: Parameters defined for PADD and its power and performandel mo
Domain parameters

M Number of domains
D;(t) CPU demand of domainat timet, 1<:<M
DS; Domain state if Running, Premigration,
Migration}.

Tps,—Ds; Domain state transition time

Node parameters

N Number of physical machines

C; Processing capacity of machingl<i<N

NS; A machine state iqActive, Standby, Off.

P}'\,Si (U) | Power consumption of machinetU
utilization in the statéVS;,1 < ¢ < N
Tns,—ns; | Machine state transition time

Eff; Maximum power-performance efficiency g
machine;, 1 < ¢ < N

Performance parameter
SLA;(d,l) | d% of demands of domaif) must be
processed withih secondsl < i < M

-

support hibernation, entering and exiting hibernation state can be usechagenthe number of
active machines. Since our research aims at achieving power savipggking multiple domains
onto fewer physical nodes during periods of low demand, PADD triesép k@ergy consumption
as low as possible while meeting given performance requirements.

Running multiple domains with heterogeneous workloads may introduce addliivara
head in the current virtualization technologies. The overhead mainly cam@ssharing device
accesses, expensive TLB misses, page faults, and memory handifjgiRadalaet al. [101] have
evaluated the overhead of the existing virtualization technologies. Thejuctmnthat the overhead
depends heavily on the running applications, their resource utilizatiorthandrtualization mech-
anisms used. Since virtualization is widely accepted in the industry, we makéengato model

it in our simulation.

7.1.2 Model description

We define the power and performance models used in our algorithm and itssomu
The diagrams in Figure 7.1 show the operating states and the transitions iéesefor nodes
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and domains respectively. We first define the operating states and thitiorzsbetween them for
nodes and domains. For a node, there are three (3) stable gtatas (A) Standby (S)andOff
(O). Real systems may define more states, but we abstract them and collapgertbenplicity. In
many modern systems, there is a variety of intermediate power states bétetaeandOff. These
intermediate states consume varying amounts of power and typically tradevegf gonsumption
to reduce the time to get back to tAetive state. However, for simplicity, we only consider one
intermediate staté&Standby

Nodes may make four (4) transitions between stat@stiveto Standby(A—S), Standby
to Active (S—A), Off to Standby(O—YS), and Standbyto Off (S—0O). The transition time is a
hardware-dependent characteristic of the particular systems beiddnube installation. One key
guestion is how strongly the power and performance behavior of PAperdks on the transition
times between operating states.

Each domain can be in one of three (3) operating st&gaaning (R)Premigration (P) or
Migration (M). We assume that domains are long-lived entities and do not consider tnas $itian
off state. A domain is in th@remigrationstate during the time that the system is preparing to move
it to a different node by copying data from the current node to the new@lark [102] measured the
overhead imposed by this state on a Xen platform running SPECWeb and littte measurable
degradation, so our model assumes that performance in unaffecte@rygmtion. However, a
domain in theMigration state generally becomes out of service, and the downtime varies depending
on workload. We assume that Migration stops the work on the source madeestarts it on the
target resulting in a pause in processing. Our model assumedipedtion stops the work in
the current node and restarts it in the target node, and it is accompanfalibe which causes a
processing delay for current requests. The Xen measurements igdicate¢his delay is less than
1 second. Consequently, frequent migrations will result in significarfibpaance degradation. We
take this gap in processing into account in our simulation. We use our simulatmatgze the
sensitivity of PADD to different migration times.

The capacity of a node is the processing done by a single CPU runningihuma fre-
guency. The CPU frequency is fixed — we do not model DVFS and retatdhiques, which are
largely orthogonal to this work. The power consumption is taken to be aifumnaf the system uti-
lization. Since DVFS can affect both the capacity and power consumpticassuene for simplicity
that the operating frequency is fixed at nominal. Also, most environmeatsederogeneous with

systems with processors of varying capacities. In [103], the capacitydeleth as a multidimen-
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sional vector of the available components (CPU, Memoryei©®, For simplicity, we assume that
processing capacity can be normalized to a single value representingtheaBcity. We hope to
incorporate the insight of [103] in the future.

The performance requirement of a domain is specified by the servicedguetment
which is defined as' LA(D, L). It specifies how much of the demantl(expressed as a percentage
of the total) must be processed within a given time lim{ispecified in seconds). Each domain may
have its own SLA. At present, PADD constitutes a best effort to meet tren@LA, so violations
are possible. In future work, we plan to bound the degree of SLA violatiothat hard limits can
be enforced.

Our problem is then to reduce energy consumption while offering the npeaftce re-
quired by the SLAs. Finding the optimal domain distribution on every cycle isxample of a
bin-packing problem, where the bin is a node and the bin’s size is the ncajgeity. This is an
NP-hard problem [104]. The task is actually more nuanced than the etdsimgpacking problem,
because node transitions and domain migrations have time delays. Moteevenmber of active
nodes is not fixed.

PADD is a heuristic method which approximates the optimal solution to the problem.
Its key feature is that it uses two separate safety margins — per-nodehehel system. We refer
to these safety margins asiffers The buffers are reserve capacity which allows PADD to deal
with changing workloads and the latencies of the actions that it takes. Alththegalgorithm
has a number of other parameters, the buffer sizes have the greatest. iftparns out that the
behavior of PADD is most sensitive to the amount of local buffering withitheaachine and the
size of a global buffer of reserve capacity in the environment: the otlra@npeters matter less. Our

simulation offers a quantitative insight into our scheme and the parametevsgthse to tune it.

7.2 Implementation

We define a number of policies affecting power and performance. Outaiomuframe-
work can parameterize these policies as a group of parameter settinggolidies can be catego-
rized into three groups: buffering, time cost, and other decision policies.
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Figure 7.2: Each node has its own Local Buffer. The Global Buffergeal of additional capacity
spread across the active nodes.

7.2.1 Buffering

The PADD framework uses a two-level buffering scheme to deal efflgiasth variations

in the workload.

1. Local Buffer LB): A reserved portion of the processing capacity on a single node.l Loca
buffer sizes are specified in fractions of a CPU, so that reservingd@%essor’s worth of

capacity gives a local buffer size of 0.4 if the capaci (s 4.0.

2. Global Buffer (zB): An separate reserve pool of processing capacity spread dlbeogstive
machines in the environment. Global buffer sizes are also specified tiofraof a CPU. If
a quad-core machine is modeled and each core has 1.0 capacity, r@sewiiole machine

yields a global buffer size of 4.0.

The Figure 7.2 illustrates how the buffering mechanism works. The lodtriqurevents
frequent and unnecessary domain migrations by absorbing smalleretraveriations in the aggre-
gate demand of the domains on the machine. If there are k domains runningniodfé:), when
the aggregate CPU demand of all the domains starts td Bs¢hat isC,, — Zle D;(t) < LB, it
triggers an event to spread the demand over the physical nodes by nygtatirains. However, in
the interim, before any migrations can occur, the local buffer absorbe o all of the additional
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demand. Using local buffers protects the SLA in the event that the aafgrdgmand is changing
rapidly. In addition, the global buffer makes additional capacity readyetd dith larger, more

permanent changes caused by domains starting new workloads or goiay workload phases.
Therefore, the migration delay caused by node transition can be av@d#udbuffers handle surges,
but they handle different types of surges.

In addition to supporting fixed buffer sizes, our simulator also supporsiaptive buffer-
ing scheme. In order to control the buffer sizes dynamically, the systeritarmany SLA violations
in a node and across the whole environment. We then calculate/hend L. B for each node using
the following equations. If an SLA violation occurs on a node, we incrédasé&B size of the node.
Similarly, we increase the GB size when there is any SLA for any domain seibsf the nodes.

The GB and LB are dynamically determined as a function of SLA violations.
1. GB = a x Violation(all_domains)
2. LB; = 8 x Violation(active_domains;)

The number of violations among domains on a node in the active state is coumded w
determining the local buffer to avoid frequent changes in the LB size dderttain migrations.
Increasinga and 3 gives less energy savings but allows for stricter adherence to therpearrfice
requirements. In our simulations,and are empirically chosen as 1 and 0.1. These parameters
are derived by finding the best non-adaptive test cases and deterithiainglues that would guide
the adaptive system to similar results. We note that this is not necessarily optichilat it is worth
further study. We evaluate the power and performance tradeoffs ofith/pes of buffering in the

next section.

7.2.2 Time cost of transitions

As defined in Section 7.1, there exist four (4) transition states for a riffake transition
time of each state is specified as input in our simulation. For a doifAemigrationandMigration
states are considered to be temporary, transitional states. The time speseitvtb states also can
be set as configurable parameter. In reality, the time delay in these two statefuaction of the
intensity of workloads, along with virtualization technology.

Turning a node off always reduces the overall power consumptioneoédmputing en-

vironment. During node transitions, the machine continues to consume pWeiassume for
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modeling purposes that the power consumption is constant for the entatothuof the transition
and that the node does no useful computing during a transition. More¢begrower during transi-
tion is generally higher than the power consumed when the machine is actiikebUAs a result,
we expect that frequent node transitions will result in more power ecopsan than staying in the
idle state. To model this, we defindeeak-even timé€ly,...keven). The break-even time is the length
of time that a node must be completely idle before it costs less in terms of powen tib off than

it does to leave it on. Empty nodes not needed for the global buffer remndior 75, cven before
PADD turns them off. The break-even time is defined as the period, fmhvwehnode continues to
stay in the idle state before its power down so that we can achieve engiggsan other words,
the breakeven time is obtained when the cost is equal to the benefit in termeygy €onsumption.
When changing power state in a machine, there exists a breakeven time thatiamén achieve
power savings. The break-even time of the nadeg calculated as follows.

- _(PBaxToa+Pi o xTa o)
breakeven PZ (0)

7.2.3 Additional parameters

There are some other aspects of PADD which are also parameterizesk pém@ameters
refine the calculation of a domain’s demand over time, the choice of domains tatenayrd the

assumed length of time that it takes to migrate a domain. These parametersreed defow.

1. Moving Window size {/W): size of the time window used to statistically summarize de-

mands

2. Average PercentiledP): percentile (%) to be ignored in the average of the demand. This can

remove outliers in the demand data in order to avoid under-provisioningstdraycapacity.

3. Victim Selection {/'S): how to choose a domain to be evicted when the remaining capacity in
a node is less thah B. There are three (3) victim selection schemes are defined: maximum

average demand, minimum average demand, and minimum standard deviatrnawfds.

4. Migration Delay (/D): time delay (sec) between migrations. This is used to avoid frequent

migrations.
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Figure 7.3: One day access logs of the sporting event web site and tsyaitiiegenerated CPU
utilizations for a single domain.

7.2.4 Algorithm

In Algorithm 1, we give the pseudo-code for the PADD algorithm. Peridlgicthe al-
gorithm runs to adjust overall capacity and reduce power consumptierusé/fractional units of
a CPU for the metrics of both system capacity and domain demand. We calctiliztgion by
dividing the demand by the capacity.

The algorithm responds to the current demand by determining how manyg todse
and doing any migrations required. There may be SLA violations due to thin&dADD is using
too few nodes as the demand rises. We also simulate the performance @fteetsnigration. The
Premigrationstate has no performance impact, but in the migration state, all the requestaddie
are delayed until it leaves the state. This may results in some SLA violation®ADE simulation
keeps track of these delays and makes a detailed analysis of SLA violations.

When determining a victim node due to over-provisioning (line 23), we firdba@n the
three condition: no move in/out domain, no SLA violation in running domains,idedor more
thanT},cakeven time defined in Section 7.2.2. If there is under-provisioning (line 35), on tifwero
side, we increase the number of active nodes. If heterogeneous aalgiven, we will select the
node in the order of high power-performance efficiency.
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Figure 7.4: Average power consumption and CPU utilizations for 11 diffdoad levels. The
power consumption is obtained from the SPECpas&2008 benchmark. While running it, the
CPU utilizations are measured in the same machine.

7.3 Evaluation

7.3.1 Workload generation

In this chapter, we use traces obtained from the web site logs for a majanadtiteral
sporting event. Figure 7.3(a) shows the access patterns of the welr sitddy. The y-axis repre-
sents the number of requests. The request patterns show that thésesigxifficant variability in
both daily and hourly accesses.

While we may be using traces derived from a web-based workload, it istargdo note
that we are simulating long-lived, stateful applications. We use a wekbediriace in the absence of
direct measurements of such applications; this is a reasonable techreqaasé long-lived back-
end applications are often driven by a transient web-based redtesing so they share the same
usage pattern.

Since we do not have access to measured CPU utilizations, we genertetisyGPU
demands from the access traces by running the SPECEsj2608 benchmark on a real system.
We transform the request trace into a set of CPU utilizations using a calibm@tiezedure that is
based on measured workload intensity and measured CPU utilization fareseafative program.

The intensity levels used with the program range from 100% of maximum pedsdd to 0% in
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Table 7.2: Parameter values for the simulation.

Param| Value Param Value
N 40 M 40
Py 0 (W) Pgq 110 (W)
Py, | 151 (W) || Ps_a 151 (W)
Ps_o | 187 (W) || Po_s 187 (W)
Ta_s 1.0 (S) T4 1.0 (S)
Ts—o 30 (S) To—s 180 (S)
Tp 60 (S) Ty 3 (S)
C 4.0 SLA | SLA(99,5),SLA(95,1)

increments of 10%. We count the transactions processed while measwi@#th utilization, and
then, based on these data, we do a linear interpolation to calculate for allgantequest rate in
the trace, the associated CPU utilization. We acknowledge that this is not Bigal is the best
available approach. The benchmark generates throughput-orientkldads and provides precise
throughput control based on a measured maximum.

The system used in the generation of the CPU utilization is an AMD Opteroncdue)-
dual-processor machine with 4 GB memory. While running the benchmarkbtaendcCPU utiliza-
tion and power draw for the different load levels as shown in Figure 7rteShe machine has 4
CPU cores, the total CPU time per second is always less than or equal Tthé.power consump-
tion ranges between 151 and 203 watts. Based on this, we generate etisy@flJ demand trace
by applying a normal probability distribution. We also scale the number oestgun the traces to
generate a more representative set of processor utilizations. Fig(og sh8ws the CPU demands
generated with the access logs from Figure 7.3(a). In order to genmatdtiple CPU demands
while maintaining the pattern, we amplified the coarse-grain trace. Multiple d&&B80 demands

are generated in the same way to simulate many domains running.

7.3.2 System configuration

Table 7.2 shows time delays and the power usage for all node state transisomsasured
on our hardware. These server characteristics are used as infiuhtosimulations.

In our evaluation, we simulate 40 domains, where each domain’s trace isftakera
different day’s access pattern. The samples in the trace are 1 segarid ¥e assume that the

CPU demand in a domain can require up to 1.0 CPU per second. As a part@meguirement,
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we impose two SLAs. Half of the domains must process 99% of the incomingsesjin 5 seconds
while the other half must process 95% of them in 1 second. In this chageimulate 40 physical
nodes with the same capacity. We do not consider the case where th@ycapads different by
nodes. This is in the highest priority in our future work.

7.3.3 Analysis

Next, we analyze the energy savings and the performance impact caystfferent
configurations. The energy savings are calculated by comparing agdiase case in which there

was no consolidation. We measure performance in terms of how well SLAsmegpected. To this
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Figure 7.7: The comparison of adaptive buffering and fixed bufferifdtil=14.5%, MW=60,
AP=60, VS=1, MD=30)

end, we define theiolation degree D;) as the difference between the desired success rate and the
measured rate in the domainFor example, if a domain has SLA(95,1), then it needs to meet 95%
of demands within one second. If only 93% of demands are met in the giverthierethe violation
degree is 2%95 —93). When considering multiple domains, we present eitheatlggage violation
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Figure 7.8: The comparison of domain migration and node transition cost. (4tH&d, MW=60,
AP=60, VS=1, MD=30)
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M .
degree(%) or themaximum violation degrenax(D;)).
For each evaluation, we compare 5 different PADD approaches whihlg feome param-

eter values.

1. Idealized there are no migration and transition time delays. GB and LB are not negessa
The Idealizedalways gives the lowest energy consumption without performanceamakt

represents the best tradeoffs.

2. Adaptive GB and LB (A,A)GB and LB are dynamically determined depending on SLA vio-

lation at runtime.
3. Adaptive GB and fixed LB (A:Ipnly GB is dynamically determined. The LB is fixedito
4. Fixed GB and adaptive LB (g,Apnly LB is dynamically determined. The GB is fixedgo

5. Fixed GB and LB (g,t) During simulation, GB and LB are the fixed valugsind!, respec-
tively.

Figure 7.5 shows the overall energy savings and performance imphet ifpresentative
cases. The best case§ A) which indicates an adaptive LB with a fixed GB of 8.0 CPUs (2 nodes).
This case does not have any SLA violations. The fully adaptied) case does nearly as well,
achieving 92.5% of the energy savings of tdealizedsystem with almost no average violation
degree. With fixed GB/LB(4, 0.2) achieves similar energy savings(td, A) but it has a maximum
violation degree of 10%. Th@, 0.4) configuration over-provisions capacity and therefore achieves
significantly lower energy savings.

In Figure 7.6, we show the energy savings of the adaptive GB/LB appnoéh respect
to varying workload intensity. The average utilization is formulated as the $uternands of all
domains for simulation time divided by total CPU capacity provided. As the utilizatioreases,
the energy savings of the system decreases by about 10%. ThevadaPtlLB approach achieves
90% of the energy savings of theealizedsystem on average. At a utilization of 7.5%, there are
more opportunities to consolidate domains, which causes more node tranaittbdemain migra-
tions. This results in more energy savings but more SLA violations. Thegeeand maximum
violation degrees, however, are limited to 0.39% and 1.79%, respectively.

In Figure 7.7, we evaluate the buffering schemes: fixed GB/LB, adapBjedaptive LB,
and adaptive GB/LB. In patrticular, (A,0) or (0,A) can be regardedreslevel adaptive buffering

scheme.
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Overall, the adaptive GB/LB outperforms the others by achieving enengypgs within
7% of theldealizedsystem with limited performance penalty. Various fixed GB/LB configurations
are shown in Figures 7.7(a) and 7.7(b). In this case, ¢&l9.4) and(12,0.6) offer acceptable
performance. With the adaptive GB configurations shown in Figures)7an(t7.7(d), we see that
the choice of LB has little effect on the performance impact but a majorteffeenergy savings.
The reason is that the role of LB is taken by GB. Once enough GB is giegformance is not likely
hurt much by long node transition time. In fact, the increase of LB in the ada@®B approach
reduces energy savings by 23%. In the adaptive LB approach &sigur(e) and 7.7(f)), the reverse
is true: varying GB has a much greater effect on performance thagyesevrings. This is because as
GB approaches zero, migrations from overloaded servers are hawvajt for compute resources
to come online.

In Figure 7.8, we show how the domain migration and node transition costs effergy
savings and performance. Each time cost is normalized to the real metimeekblay specified in
Table 7.2. When increasing the domain migration time while transition delay is fixeaéntrgy
savings in the adaptive GB/LB is reduced (Figure 7.8(a)). This is beaaose processing delays
occurred followed by more domains involved in transitions. This performg@nalty is clearly
shown in the cas@, 0.0) in Figure 7.8(b). When the domain migration time becomes 0, there is
almost no performance penalty for migration and the greatest energysasiachieved. The only
other potential source of performance degradation is unexpectediamadh CPU demand, which
we account for not only with the Global and Local Buffers, but alserage percentile (60% in
this case). Therefore, the given SLA requirements are generally meiuglitthere can be some
delays due to the transition time (e.g. when a busy node is waiting for additiodakrto come
online). As node transition time increases while the migration cost is fixed aivé.@iss out on
some power saving opportunities, resulting in diminished energy savingjsoas in Figure 7.8(c).
However, the difference between 0.0 and 2.0 is negligible (less than 8%grnhs of performance
impact, for fixed LB/GB, the increasing node transition cost actually has#iymeffect, because
it blocks unnecessary domain migration caused by transient spikes in denramur adaptive
GB/LB approach, node transition cost does not significantly affectwbeatl performance. We also
evaluated different policies with changing the parameters defined bafanefindings from those
changes are less interesting. We did not find that the changes had maotiropact, compared
with GB/LB sizes and management.

In Figure 7.9, we show the energy savings and performance impacts efdtpive
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GB/LB approach by increasing the number of domains. The same 40 deraees &re used for ad-
ditional domains. Accordingly, the overall utilization increases as the nuofliErmains increases.
On the x-axis, (X,y) represents the number of domains (x) and the maximunatinitiZy) respec-
tively. As the number of domains increases along with overall utilization, theggrsavings in the
Idealizedsystem decreases from 75.2% to 4.3%, due to reduced residual irsgragceapacity.

Our adaptive scheme achieves energy savings within 6% dtidadizedsystem. The SLA viola-

; MNumber of SLA Violations
tion rate ¢ Number of Domains

), however, remains below 22.5%. The average violation degree is
0.6% or less in all cases, although additional migrations caused by runniggdomains increase

the maximum violation degree up to 7.4%.

7.4 Summary

This chapter presents an algorithm for consolidating domains in a virtualiagcbe-
ment running coarse-grained workloads to reduce overall enemguagption. We show through
a simulation-based study that we get the best combination of energy savidgserformance by
using an adaptive buffering scheme to determine how much reservatgdaparceded. We use a
two-level scheme with a Local Buffer on each node and an additionalaGRidfer. A number of
other dimensions were evaluated including the time to migrate a domain and the timege tha
power state of a node, but none of them have as much effect on PADR aize and management
of the buffers. The best trade-off for effectively no performaloss and maximum energy savings
is the adaptive GB/LB approach. More results are presented in [105].

Our future work is twofold. First, we want to run our simulator using tracesfa wider
variety of workloads and incorporate mixes of different workloads béleve that mixing different
workloads in the simulation is more realistic for emerging computing environmeatsasuutility
grids and clouds. Second, we made a number of simplifying assumptions miladn our pool of
nodes homogeneous. This is clearly unrealistic for any large installatiomed to extend our
algorithm and our simulation to consider machines with different characteristic

In the long term, the simulator will provide an understanding of the designiplésc

involved in the PADD system, allowing us to develop a practical implementation.
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Algorithm 1 Power Aware Domain Distribution

1

2:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:

34

35:
36:
37:
38:
39:

40

. I Retrieve the node/domain states.
update N odeand DomainStates()
/I Find all the nodes whereB is below the specified level
for n =1to N do
if C,, < LB, + ) Avg(D;) then
nodes «— n
end if
end for
for n in nodes do
/l Choose a victim domain in the node. see Sec. 7.2.3
domainI D «— selectVictimDomain(n)
/I Determine where to migrate the domain
targetNodel D «— findTargetNode(domainID)
I If there exists an active node that has sufficient LB
if targetNodel D is validthen
beginMigration(domainl D, target Nodel D)
end if
end for
/I Check if there is enough provisioning in GB and LB

if reqCap < 0 then
I If there is over-provisioning in total system capacity,
/ find the nodes where domains can be consolidated
nodelist = getTurnO f fCandidates()
for nodel D in nodelist do
if reqCap + Chogerp < 0 then
/I If all the domains in the node can fit into other nodes,
/I vacate the node by evicting all of them,
if begin DomainConsolidation(nodel D) then
reqCap < reqCap + CpoderD
end if
end if
end for
. else ifreqCap > 0 then
repeat
nodel D = getNodeWithHighestE f ficiency()
powerupN ode()
reqCap «— reqCap — Cpoder D
until reqgCap <0
cend if

reqCap «— GB + Zf\;1 LB; + ZjDzl Avg(D;) — ZNSi:Actwe c
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Chapter 8

Concluding remarks

In this section, we first describe a few future research directionsfogwn power con-
sumption analysis in a fine granularity. Then, we will conclude our dissenthticummarizing our

accomplishments.

8.1 A runtime power-performance directed adaptation

When improving power-performance efficiency, the tradeoffs shoelchbefully consid-
ered. The tradeoffs vary by underlying hardware and softwarenétgtioned earlier, many dynamic
adaptations of power and performance in previous work are achigvprbper performance guid-
ance. Performance metrics account for performance behaviorppnetr. Therefore, the systems
have to learn the tradeoffs by asking for additional data when workingciturate power estimation
with performance data. While earlier work mostly focuses on training a pe&ioce model, such as
execution samplings, runtime power training has not been considered ie poliver-performance
adaptation.

This work is to develop a runtime framework in which power-performancedapted by
continuous power and performance monitoring. The work is the extensioargrevious work
(Chapter 3) to advance our previous power savings work. Givendtle regions we previously
defined, one can collect both the performance data and the power da&gjom at runtime. The
previous data is used for determining the p-state in the next region. Ifigasha desired power-
performance efficiency, then it maintains the p-state. Otherwise, it adjwests-dbate either to
increase the performance or to reduce the power. This process &adpmtil the program termi-
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nates. In this framework, one issue is that the best p-state should beitetequickly to adapt the
system. Also, there is another challenge to reduce performance penaltyibgorrect decision.
The performance penalty will be estimated on a performance model.

We believe that this approach is useful in that any metric can be specifigueierred
power-performance tradeoffs. In our previous work (Chapteth®)system is customized for EDP
(Energy Delay Product), because the performance is the primaryredndeéPC (High Performance
Computing). Depending on applications, different power-performafid@ency metrics can be
adopted, such as Energy, EDP,16D? P(Energy Delay Square Product). This framework can be
tuned for any power-performance metric, because it relies on actuarpmnsumption for future
adaptation in each code region.

To the best of our knowledge, a runtime power-performance guidgutatdan is an un-
explored research work. This approach is useful in that the frankereguires no or minimal
a priori information about both a hardware and a software. If powdrmerformance data can
be measured at runtime, the system training or learning process can beceniio addition, we
expect to find more power savings opportunities by fine-grained, aicpower monitoring. In
a performance-directed method, the power savings is often conserbathause the performance
penalty by misprediction tends to be relatively large. This approach, leswean reduce this
penalty by continuous power monitoring and immediate adaptation.

To sum up, there are three anticipated contributions in this work. First,amaahieve a
better power-performance adaptation in any region we did not explore prévious work, such as
a memory intensive region. Second, a runtime adaptation can be achievedtvextensive prior
data through sampling and learning processes. Third, the in-depth ianafly®wer-performance
adaptation can be made to explain our improvement.

8.2 Dynamic power efficiency adaptation on multi-core architecture

The performance of modern microprocessors has continued to inergaseentially over
decades by fast clock speeds. Recently, the advance is limited by ingr@asver consumption
and the design focus in microprocessor architecture shifts from inogeal®ck speeds to using
multiple cores on a single chip [74, 106]. These trends increase perioenveith smaller power
increase. Existing parallel programming paradigms, such as MPI or Opesiypport a smooth

transition of an existing application to take advantage of multiple cores. Howaudtiprocessors
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on a chip compete for the shared resources (in cache and memory). Hesause low performance
scalability with significant power growth. Porterfiedtlal. [107] measured the power-performance
efficiencies of NPB OMP benchmarks on an AMD Phenom machine. Thdtseshow that the
power savings rise as the number of cores increases. But the pentt@map decreases by achiev-
ing less speedup. Therefore, the system with multi-core architecturdiofiesippower-performance
efficiency more than expected.

This work is to design a framework adapting the power-performanceegitiz of an
OpenMP application on multi-core architecture. OpenMP is an applicatiorrgroging inter-
face (API) supporting shared-memory parallel programming. Our pusviwork did not con-
sider OpenMP applications for power-performance improvement. Thiersva dynamic power-
performance control techniques for OpenMP applications on multi-con#ecture. One is p-state
transition for CPU frequency scaling. The other is to change the numbltrezds in a parallel
region. A change in number of threads results in a change of the numbamronhg cores. There-
fore, the two technique will be controlled in a combined way. When propesygged, this can
improve power-performance efficiency. This approach, howewengs with two difficulties. First,
it needs to identify where the techniques should be beneficial while ruamirgplication. Differ-
ent workloads usually result in different power-performance efiwies. Therefore, the change of
workloads should be dynamically detected for applying the techniqueen8ga fast and efficient
decision needs to be made in order to avoid penalty by delay. Every time tbae stgrts and ends,
we have to take an immediate action so that it improves the efficiency as anticifgtddcor-
porating fine-grained monitoring, our framework will determine the powieient sweet spots by
exploring the two dimensions.

The contribution of this work can be anticipated in two ways. First, one caluaie the
potential impacts of all power-performance adaptation techniques avadialteilti-core architec-
ture including DVFS, number of threads (specific to OpenMP), and nuoflastive cores. When
adapting power-performance, it is worthy to understand the powénrpgance impact for each
technique. Second, the runtime adaptation by continuous monitoring and tarireghieve more
power efficiency than the previous approach using power estimation. appi®ach also has the
advantage of requiring less priori information for sophisticated adaptation
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8.3 Conclusion

We presented five projects for improving power and performance efbgi@ parallel and
distributed systems. Each project made successful contributions to galee awareness depend-
ing on the characteristics of applications running on recent computingnsyskerst, we developed
a transparent, adaptive system for reducing the p-state in MPlI communipéiises. The system
shows significant energy savings with little performance degradatiomn8ewe proposed a way to
determine the minimum energy consumption by applying voltage and frequealaygson the fly.
Our efficient scheduling algorithm showed that the running time can beeedsignificantly with
our algorithm. Third, we evaluated the internal power monitoring deviceePdan. It is designed
to perform fine-grained, accurate real-time power monitoring and evgntaaolve and highlight
differing energy efficiencies of phases within iterations of scientific apptias. Fourth, we de-
veloped a power-performance prediction model that can correlater@oweperformance data on
a chip multiprocessor architecture. In our evaluations, we show thatowergperformance model
overall achieves accurate power estimations for multiple different caatigns. Finally, we devel-
oped and simulated an adaptive algorithm to save power by dynamically migvatum machines
onto fewer physical machines when possible. According to our simulationsmsrating power
and performance changes, this adaptive scheme achieves signifieeqyt savings, compared to the
idealized system that has no performance penalty. As future work,aus fan finding an adaptive
solution balancing power and performance depending on the perfoenmaecls of multi-threaded

application.
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