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1.1 INTRODUCTION
Power consumption of High Performance Computing (HPC) platforms is becoming a
major concern for a number of reasons including cost, reliability, energy conservation,
and environmental impact. High-end HPC systems today consume several megawatts
of power, enough to power small towns, and are in fact, soon approaching the limits
of the power available to them. For example, the Cray XT5 Jaugar supercomputer
at Oak Ridge National Laboratory (ORNL) with 182,000 processing cores consumes
about 7 MW. The cost of power for this and similar HPC systems runs into millions
per year.
To further add to the concerns, due to power and cooling requirements and associated costs, empirical data show that every 10 degree Celcius increase in temperature
results in a doubling of the system failure rate, which reduces the reliability of these
expensive system. As supercomputers, large-scale data centers are meant to be clus-

ters composed by hundreds of thousands or even millions processing cores [11] with
similar power consumption concerns.
Existing and ongoing research in power efficiency and power management has
addressed the problem at different levels, including, for example, data center design,
resource allocation, workload layer strategies, cooling techniques, etc. At the platform level (individual node or server), current power management research broadly
falls into the following categories - processor and other subsystems (e.g. memory,
disk, etc.) level, Operating System (OS) level and application level. Although the processor is the most power consuming component, other subsystems have incorporated
energy management functionalities such as memory, storage and network interfaces
(NIC). Within the OS, there are fewer power management techniques available, and
include OS control of processor C-states, P-states and device power states or sleep
states. At the application level several approaches have been also proposed such as
those based on exploiting communication bottlenecks in MPI programs.
In this chapter, we study the potential of proactive application-centric aggressive
power management of data center’s resources for HPC workloads. Specifically,
we consider power management mechanisms and controls (currently or soon to
be) available at different levels and for different subsystems, and leverage several
innovative approaches that have been taken to tackle this problem in the last few
years, that can be effectively used in a cross-layer application-aware manner for
HPC workloads. To do this, we firstly profile standard HPC benchmarks with
respect to behaviors, resource usage and power dissipation. Specifically, we profile
the HPC benchmarks in terms of processor, memory, storage subsystem and NIC
usage. From the profiles we observe that across different workloads, the utilization
of these subsystems varies significantly and there are significant periods of time in
which one or more of these subsystems are idle, but still require a large amount
of power. Based on the empirical power characterization and quantification of the
HPC benchmarks, we investigate using simulations the potential energy saving of
proactive, application-aware, power management strategies. We use traces from
different systems and focus on performance and energy consumption metrics. The
obtained results show that by using proactive, component-based power management,
we can reduce the average energy consumption. The results also show that proactive
configuration of subsystems works better with a higher number of nodes and with
workloads composed of bursts of job requests with similar requirements, which is
common in scientific HPC workflows.
The main contributions of this work are summarized as follows: we (i) argue that
different existing techniques for energy management can be combined to improve
energy efficiency of data center’s servers by configuring them dynamically depending
on the workloads’ resource requirements, (ii) profile HPC benchmarks with respect
to behaviors, resource usage and power impact on individual computing nodes and
determine empirically (rather than with estimations) possible ways to save energy,
(iii) propose different algorithms for proactive, component-based power management
attempting to improve energy efficiency with little or no performance loss, and (iv)
quantify possible energy savings of the proposed power management strategies at
both server and datacenter levels.
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The rest of this chapter is organized as follows:
• Discussion of background and related work (Section 1.2)
• Description of proactive, component-based power management (Section 1.3)
• Quantification of possible power savings through component-based power
management (Section 1.4)
• Experimental evaluation and discussion of obtained results (Section 1.5)
• Concluding remarks (Section 1.7)
1.2 BACKGROUND AND RELATED WORK
High Performance Computing (HPC), is the application of parallel processing for
running advanced application programs (that are either too large for standard computers or would take too long) efficiently, reliably and quickly. A HPC system, is
essentially a network of nodes, each of which contains one or more processing units,
as well as its own memory. These systems are ranked by the Top 500 list1 that lists
the fastest supercomputers worldwide based on the highest score measured using the
Linpack benchmark suite in terms of TFlops (trillions of floating point operations per
second).
As demand for processing power and speed grows, issues related to power consumption, air conditioning, and cooling infrastructures are critical concerns in terms
of operating costs. Furthermore, power and cooling rates are increasing eight-fold every year [1], and are becoming a dominant part of IT budgets. Addressing these issues
is thus an important and immediate task for HPC systems. While Top 500 focuses
on performance, the Green500 list2 provides rankings of the most energy-efficient
supercomputers in the world based on the “Flops-per-Watt” metric [54].
In the following, we review the most significant power management techniques
using different approaches, among the vast literature in the area of power management
and energy efficiency for HPC.
1.2.1

CPU Power Management

In recent work, Liu et al. [38] survey power management approaches for HPC
systems. As they discuss, since processors dominate the system power consumption
in HPC systems, processor level power management is the most addressed aspect
at server level. The most commonly used technique for CPU power management
is Dynamic Voltage and Frequency Scaling (DVFS), which is a technique to reduce
power dissipation by lowering processor clock speed and supply voltage [26, 27].
1 Top
2 Top

500 Supercomputers Site. http://www.top500.org/
500 Most Energy-Efficient Supercomputer Site. http://www.green500.org
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1.2.1.1 OS-level CPU Power Management OS-level CPU power management involves controlling the sleep states or the C-states [43] and the P-states of the
processor when the processor is idle [59]. C-state is the capability of the processor
to go in various low power idle states with varying wakeup latency. P-state is the
capability of running the processor at different voltage and frequency levels [60].
The Advanced Configuration and Power Interface (ACPI) specification provides the
policies and mechanisms to control the C-states and P-states of the processor when
they are idle. Modern operating systems (e.g. Linux kernel) implement ACPI-based
policies to reduce the processor performance and power when it is less active or in
idle state [57].
1.2.1.2 Workload-level CPU Power Management Several approaches to
enforce power management based on the workload characteristics have already been
developed. Some of the most successful approaches were based on overlapping
computation with communication in MPI programs, and using historical data and
heuristics. Kappiah et al. [31] developed a system called Jitter that exploits inter-node
bottleneck in MPI programs (i.e. execute blocked processes due to synchronization
points in lower P-sates). Lim et al. [37] developed a MPI runtime system that
dynamically reduces CPU performance during communication regions assuming
that in these regions the processor is not on the critical path. Other approaches have
also studied the bound on the energy saving for an application without incurring in
significant delay [50]. Freeh et al. proposed a model to predict execution time and
energy consumed of an application running at lower P-states [22] and techniques
based on phase characterization of the applications, assigning different P-states to
phases according the previous measurements and heuristics [21]. Cameron et al.
[6] proposed power management strategies based on application profiles but they
concentrate only on power management of the CPU using dynamic voltage and
frequency scaling (DVFS) and does not implement any power control of the peripheral
devices.
Researchers have developed different scheduling algorithms and mechanisms to
save energy to provision resources under deadline restrictions. Chen et al. [7] address
resource provisioning proposing power management strategies with SLA constraints
based on steady state queuing analysis and feedback control theory. They use server
turn on/off and DVFS for enhancing power savings.
1.2.1.3 Cluster-level CPU Power Management Ranganathan et al. [49]
designed cluster level power management controller and employed a management
agent running on each server and the server which exceeded the power budget according to the SLA, was throttled down to an appropriate level. Horvath et al. [25]
exploited DVFS for use with dynamic reconfiguration for multi-tier server clusters,
which is a typical architecture of current server clusters. Wang et al. [62] proposed
a control algorithm to manage power consumption of multiple servers simultaneously. The controller monitors the power value and CPU utilization of each server,
computes a new CPU frequency for each processor and directs each processor to
change frequency in a coordinated way. Leveraging DVFS mechanism, Hsu et al.
[27] propose automatically-adapting, power aware algorithm that is transparent to
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Possible distribution of power requirements per component

end-user applications and deliver considerable energy savings with tight control over
DVFS-induced performance slowdown. Rountree et al. [51] developed a system
called Adagio to collect statistical data on task execution slacks, compute the desired frequency and represent the result in a hash table. When task executes again,
an appropriate frequency can be found in the hash table. Raghavendra et al. [47]
propose a framework which coordinates and unifies five individual power management solutions (consisting of HW/SW mechanisms). Their work leverages feedback
mechanisms to federate multiple power management solutions and builds an approach to unify solutions with minimum interference across controllers. Moreover,
their coordination solution gives higher power savings than individual methods.
1.2.2

Component-based Power Management

Although the CPU is the component that requires most power of the server, the relative
power demand other components is increasing very quickly, specially for multi- and
many- core architectures, where different cores and an important amount of memory
are included in the same chip die. Figure 1.1 illustrates a possible decomposition of
the power requirements of a server by components for a state of the art multi-core
server. We can appreciate that the aggregation of power requirements of memory,
disk and network are comparable to the power dissipated by the CPU. However,
the power required by each component depend of the workload characteristics [18].
Other components include the motherboard, chipset, fans, power supplies, etc. but
we do not consider them in our approach.
In the following, we discuss existing power management approaches at the component level.
1.2.2.1 Memory Subsystem Substantial work has been also done for adapting the RAM memory subsystem for saving energy. Delaluz et al. [14, 12] studied
compiler-directed techniques, as well as OS-based approaches [13, 15] to reduce the
energy consumed by the memory subsystem. Huang et al. [28] proposed poweraware virtual memory implementation in OS to reduce memory energy consumption.
Fradj et al. [20, 19] propose multi-banking techniques that consist of setting indi-
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vidually banks in lower power modes when they are not accessed. Diniz et al. [16]
study dynamic approaches for limiting the power consumption of main memories by
limiting consumption by adjusting the power states of the memory devices, as a function of the memory load. Hur et al. [29] propose using the memory controller (thus,
at chip level) to improve RAM energy efficiency. They exploit low power modes of
modern RAMs extending the idea of adaptive history-based memory schedulers.
1.2.2.2 Storage Subsystem Existing research work also addresses the storage
subsystem management to improve energy efficiency of servers. Rotem et al. [17]
focus on the energy consumed by the storage devices like hard disks in standby mode.
They suggest file allocation strategies to save energy with a minimal effect on the
system performance i.e. the file retrieval time, while reducing the I/O activity when
there is no data transfer. Pinheiro et al. [45] study energy conservation techniques
for disk array-based network servers and propose a technique that leverages the
redundancy in storage systems to conserve disk energy [46]. Colarelli et al. [9]
analyze an alternative design using massive arrays of idle disks (spin-down/up disks)
Other approaches have addressed energy efficiency of storage systems by spinningdown/up disk [9] and the reliability of such techniques [63]. Solid State Drive (SSD)
disks have been also taken into account towards saving energy consumption for the
storage subsystem [53, 34].
The research work discussed above addresses energy efficiency by managing
different subsystems individually (e.g. CPU via DVFS). However, recent approaches
have proposed energy efficiency techniques for processor and memory adaptations
[35, 8]. Li et al. [36] combine memory and disk management techniques to provide
performance guarantees for control algorithms. Ranganathan et al. [49] highlight
the current issue of under utilization and over-provisioning of the servers. They
present a solution of peak power budget management across a server ensemble to
avoid excessive over-provisioning considering DVS and memory/disk scaling. In
contrast to all these approaches, we consider dynamic configuration of multiple
subsystems within a single server. Thus, we propose using different mechanisms and
techniques that have been already developed in different domains. Our approach is
then complimentary to existing and ongoing solutions for energy management for
HPC data centers.
1.2.3 Thermal-Conscious Power Management
Several approaches have been proposed for energy efficiency in datacenters including
factors such as cooling and thermal considerations. More et al. [41] propose a method
to infer a model of thermal behavior to automatically reconfigure the thermal load
management systems, thereby improving cooling efficiency and power consumption.
They also propose in [40] thermal management solutions focusing on scheduling
workloads considering temperature-aware workload placement. Bash et al. [2]
propose a policy to place the workload in areas of a data center that are easier to
cool resulting in cooling power savings. Tang et al. [58] formulate and solve a
mathematical problem that maximizes the cooling efficiency of a data center. This
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is focused on task assignment that maximizes the cooling efficiency. Bianchini et
al. [24] propose emulation tools for investigating the thermal implications of power
management. In [48], they present C-Oracle, a software prediction infrastructure
that makes online predictions for data center thermal management based on load
redistribution and DVFS.
1.2.4

Power Management in Virtualized Datacenters

With the raise of Cloud computing, virtualized datacenters are being increasingly
considered for traditional HPC applications. In the context of virtualized datacenters,
Nathuji et al. [42] investigate the integration of power management and virtualization
technologies. In particular they propose VirtualPower to support the isolated and
independent operation of virtual machine and control the coordination among virtual
machines to reduce the power consumption. Rusu et al. [52] propose a cluster-wide
on/off policy based on dynamic reconfiguration and DVS. They focus on power,
execution time, and server capacity characterization to provide energy management.
Kephart et al. [32, 10] address the coordination of multiple autonomic managers for
power/performance tradeoffs by using a utility function approach in a non-virtualized
environment.
A large body of work in data center energy management addresses the problem
of the request distribution at the Virtual Machine (VM) management level in such a
way that the performance goals are met and the energy consumption is minimized.
Song et al. [55] propose an adaptive and dynamic scheme for adjusting resources
(specifically, CPU and memory) between virtual machines on a single server to share
the physical resources efficiently. Kumar et al. [33] present vManage, a practical
coordination approach that loosely couples platform and virtualization management
towards improving energy savings and QoS, and reducing VM migrations. Soror et
al. [56] address the problem of optimizing the performance of database management
systems by controlling the configurations of the virtual machines in which they run.
Laszewski et al. [61] present a scheduling algorithm for VMs in a cluster to reduce
power consumption using DVFS.

1.3 PROACTIVE, COMPONENT-BASED POWER MANAGEMENT
Our approach is based on power management of the different components at the
physical server layer in a proactive manner. We assume that the application’s profiles
(in terms of resource usage) are known in advance. Therefore, we can power down
subsystems or use low power modes of a host system that are not required by the jobs
mapped to it based on the application’s profiles. We also map jobs to physical servers
attempting to optimize energy efficiency with minimum penalty in performance.
In contrast to other typical approaches that allocate jobs with non-conflicting,
i.e. dissimilar, resource requirements together on the same physical server in order
to optimize the performance, our policy is to allocate jobs with similar resource
requirements together on the same physical server. This allows us to downgrade the
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subsystems of the server that are not required to run the requested jobs in order to
save energy. To do this, we consider specific configurations of the physical servers’
subsystems to reduce their energy demand. Specifically it follows an energy model
that leverages previous research on energy-efficient hardware configurations (e.g.
low power modes) in four different dimensions:
• CPU speed using Dynamic Voltage and Frequency Scaling (DVFS). We are
able to reduce the energy consumed by those applications that are, for example,
memory-bound [30].
• Memory usage. For those applications that do not require high memory bandwidth we consider the possibility of slightly reducing the memory frequency
or possibly shutting down some banks or channels of memory in order to save
power [3].
• High performance storage. It may be possible to power down unneeded disks
(e.g. using flash memory devices that require less power) or by spinning-down
disks [4].
• High performance network interfaces. It may be possible to power down some
network subsystems (e.g. Myrinet interfaces) or using idle/sleep modes.
1.3.1 Job Allocation Policies
We have implemented two different job allocation policies: a static approach where
physical servers maintain their initial subsystem configuration, and a dynamic one
that allows the physical servers to be reconfigured dynamically. The algorithm
followed by the static resource provisioning approach for a given job is shown in
Equation 1.1. For readability, we have simplified the algorithm assuming that each
job can be allocated in a single server. The complete approach returns a set of servers.
Given the resource requirements of a job request (reqcpu , reqmem , reqdisk , reqnic ),
the available physical servers (s1 , . . . , sn ), it returns the most appropriate server to
run the requested job. The resource requirements of the job request are the CPU,
memory, storage and network demand, respectively.
job mapping(req : job request,

(1.1)

(reqcpu , reqmem , reqdisk , reqnic ) : resource requirements,
S = (s1 , . . . , sn ) : physical servers) = sk :
sk ∈ S ∧ S ′ = match reqs(req, S) ∧
sk ∈ S ′ ∧ sk ∈ less reqs(S ′ ) )
First, the algorithm discards the servers that do not match the resource requirements
of the job request. To do this, it uses the match reqs function, which is defined in
Equation 1.2.
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(1.2)

( sicpu ≥ reqcpu ∧ simem ≥ reqmem ∧
sidisk ≥ reqdisk ∧ sinic ≥ reqnic )
If a server that matches the job requirements is not available, the job request cannot
be served. If we follow a First Come First Serve (FCFS) scheduling policy with the
static approach, a request may remain queued (thus blocking all following queued
jobs) until a server with the required configuration becomes available. However, the
scheduling policy may decide selecting another job from the queue (e.g. backfilling
jobs). Otherwise, we select the server with lowest power requirements (i.e. with the
most subsystems disabled or in low power mode) and hosting the fewest jobs from
the set of matching servers. It allows us to balance the load among the servers and
avoid possible contention of resources. To select the server that best matches the
conditions described above, the less reqs function is used.
In our dynamic approach, when required physical resources are unavailable, we
reconfigure an available physical server to provide the appropriate characteristics and
then provision it. Specifically, we can reconfigure servers if they are idle, but if there
are no idle servers available, we can reconfigure only those servers that are configured
to use fewer subsystems than those that are requested (if a server is configured to
deliver high memory bandwidth, we cannot reconfigure it to reduce its memory
frequency, since that would negatively impact jobs already running on it. However, if
a server is configured with reduced memory frequency, we can reconfigure it to deliver
full memory bandwidth without negatively impacting running jobs). Moreover, we
try to fill servers with requests of similar types. Not only does this efficiently load
servers, it allows more servers to remain fully idle, which allows them to be configured
to host new jobs.

1.3.2

Workload Profiling

In order to define the application’s profiles, we characterize the workload behavior
into I/O intensive, memory intensive, communication intensive and compute intensive
regions with respect to time. Most of the standard profiling utilities are designed for
comparing computation efficiency of the workloads and systems on which they are
running, hence their outputs are not very useful from the subsystem usage point
of view. Based on the workload characterization we can perform an efficient job
allocation as described in section 1.3.1.
We profiled standard HPC benchmarks with respect to behaviors and subsystem
usage on individual servers. It allows us to estimate the possibilities of componentbased power management in HPC workloads (see section 1.4). To collect run-time
OS-level metrics for CPU utilization, hard disk I/O, and network I/O we used different
mechanisms such as “mpstat”, “iostat”, “netstat” or “PowerTOP” from Intel. We also
patched the Linux kernel 2.6.18 with the “perfctr” patch so that we can read hardware
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performance counters on-line with relatively small overhead. We instrumented the
applications with PAPI and, since the server architecture does not support total
memory LD/ST counter, we counted the number of L2 cache misses, which indicates
(approximately) the activity of memory.
A comprehensive set of HPC benchmark workloads has been chosen. Each
stresses a variety of subsystems - compute power, memory, disk (storage), and
network communication. They can be classified in three different classes:
• Standard: HPL Linpack that solves a (random) dense linear system in double
precision arithmetic, and FFTW that computes the discrete Fourier transform.
• CPU intensive: TauBench, which is an unstructured grid benchmark of Navier
Stokes solver kernels.
• I/O intensive: b eff io, which is a MPI-I/O application, and bonnie++ that
focus on hard drive and file system performance. We ran two distributed
instances of bonnie++ using a script and ssh.
Figure 1.2 shows the obtained profiles for three representative benchmarks with
different behaviors and trends. Axes of the plots have time as the X-axis and on the
Y-axis we show, from the top to the bottom: CPU utilization, memory utilization
(L2 cache misses), disk utilization (number of blocks accessed), network utilization
(traffic of packets on the NIC), and the average p-state residency of the CPU’s cores.
The plots show the measurements as well as the bezier curves (dashed lines) to better
identify their trends, except the plots of p-state residency that only show the bezier
curves, for readability.
The application’s profiles show different usage level of the subsystems over time.
However, subsystem’s usage can be discretized into CPU-, memory-, disk- and
network- bound, based on the potential impact of using low power modes on the
application execution’s performance. For example, in Figure 1.2 we can appreciate
that HPL shows low disk usage, b eff io shows low CPU usage and bonnie++ shows
low CPU and NIC usage. However, there are other subsystems that have low usage
only during some intervals of time, such as memory in bonnie++.
In section 1.4 we discuss the trends and quantify the power saving opportunities
based on the application profiles such as those shown in Figure 1.2.
1.4 QUANTIFYING ENERGY SAVING POSSIBILITIES
The fundamental requirement to study the potential energy saving with the approach
suggested in this chapter is to gather reliable usage data for processor, memory,
storage subsystem and the NIC, and their associated power requirements for a set of
representative and standard HPC workloads. It allows us to quantify the potentials
of component-level power management and to define an upper-bound for possible
energy savings. Along with the potential energy savings of using component-based
power management, we also study the possible overheads of using these low power
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modes and switching between the different modes. To do this, we characterize and
analyze the power dissipation of the different subsystems and quantify the possible
saving using existing techniques based on using low power modes to reduce the
energy consumption. Although we first focus on single servers, using the profiling
information we will be able to proactively map job requests to servers configured
with the appropriate low power modes at the datacenter level.
1.4.1

Methodology

We conducted experiments with two Dell servers, each with a Intel quad-core Xeon
X3220 processors, 4GB of memory, two SATA hard disks, and two 1Gb Ethernet
interfaces. We also used a 160GB Intel x25-M Mainstream SATA Solid State Drive
(SSD) disk. The processors operate at four frequencies ranging from 1.6GHz to
2.4GHz. This is intended to represent a general-purpose rack server configuration,
widely used in large data centers.
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To empirically measure the “instantaneous” power consumption of the servers we
used a “Watts Up? .NET” power meter. This power meter has an accuracy of ±1.5%
of the measured power with sampling rate of 1Hz. The meter was attached between
the wall power and the server. We estimate the consumed energy integrating the
actual power measures over time.

1.4.2 Component-Level Power Requiremets
In order to quantify the possible power savings of using component-based power
management in a server, we have studied empirically the power characteristics of
different subsystems individually. Specifically, we have studied CPU, RAM memory,
disk storage, and NIC. Equation 1.3 shows the simplified dynamic power dissipation
model that we consider for CPU, where C is the capacitance of the processor (that
we consider fixed), α is an activity factor (also known as switching activity), and V
and f are the operational voltage and frequency, respectively.
Pcpu ∼ C × V 2 × α × f

(1.3)

Table 1.1 summarizes the server’s power savings and the associated delays for
the different subsystem. For the CPU, the workload was generated with lookbusy
(a synthetic load generator). During CPU activity, the power demand differs up to
around 82W (i.e. 39% of total server power) depending of the frequency used, but
without any load, the difference is only up to around 8W (i.e. 3.78% of total server
power). However, although CPU power is the more power demanding subsystem of
the server, we rely on the CPU frequency management performed within the OS with
“cpufreq” using the “ondemand” governor. For disk storage we consider two different
possibilities, on the one hand, using spin down/up techniques with traditional disks,
and, on the other hand, using a SSD disk. With a traditional disk we can save almost
10W of power (i.e. around 7.5%). However, there is an overhead for spinning
down/up the disk. For spinning down the disk the delay is around 0.05 seconds and
for spinning up the delay is around 5-6 seconds. There is also an overhead of energy
due to the peak power required to spin up the disk’s motor (around 60J of energy,
according to our experiments). We also consider using a SSD drive, which can save
around 14W of power when it is idle (i.e. 3% less power with respect to a disk in
low power mode), according to our experiments. The SSD drive also has a much
faster access time and does not require spinning down techniques to reduce its power
consumption.
We use low power mode for the network subsystem switching on/off the NIC
dynamically. We made the assumption that data centers’ servers have usually two
different network interfaces (a faster one for actual computations and a slower one
for control/administration purposes). Disabling the NIC we can save around 3W (i.e.
2.47%) and the overheads for switching on and switching off the NIC are around
0.15s and 3-4s, respectively.
Memory power dissipation can be classified as being dynamic power dissipation
that occurs only during reads and writes, or static power dissipation due to transistor

QUANTIFYING ENERGY SAVING POSSIBILITIES

Subsystem
CPU freq (idle)
CPU freq (loaded)
RAM memory
Hard disk
Solid state disk
NIC
Table 1.1

Savings
8W
82 W
8W
10 W
14 W
3W
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Delay
“instantaneous”
“instantaneous”
“instantaneous”
5-7s
“instantaneous”
0.15s (on) 3-4s (off)

Server’s power savings and associated delays

leakage. Equation 1.4 shows a simple model for memory static power dissipation,
where V cc is the supply voltage, N is the number of transistors, kdesign is a design dependent parameter, and Ileak is a technology dependent parameter. We will
consider kdesign and Ileak fixed parameters.
Pstatic = V cc × N × kdesign × Iˆleak

(1.4)

Since the increasing contribution of static power is clearly evident even in today’s
design, we can reduce the static power dissipation reducing either V cc or N . Some
existing approaches based on multi-banking techniques try to set banks of memory in
lower power modes when they are not accessed, thus reducing N . Other approaches
may dynamically reduce the voltage when memory is not in the critical path of the
running workload. Since these techniques are not standardly available in widely used
systems (such as ours), we estimate the potential savings from memory removing
physically two of the four banks of memory that are available in the server. Using
the same subsystems configurations, but with only 2GB of RAM memory installed,
we were able to save around 8W of power (i.e. 5.78%), on average. We estimate
short delay for switching to low power mode.
1.4.3

Energy Savings

In this subsection, we first present the estimated energy savings for a single server
using a power model based on the empirical measurements shown in Table 1.1
and assuming an accurate use of low power modes (“Simulation” in Figure 1.3).
Thereby, we assume that the workload profile is known in advance. The simulations
were conducted using MATLAB. We used the benchmarks presented in section 1.3.2
that, as we discussed previously, have different requirements and behaviors in terms
of subsystems utilization. We also present the energy saving obtained from actual
experiments on real hardware (“Validation” in Figure 1.3). We applied low power
modes based on the application profiles with minimal penalty in performance. In
addition, we performed experiments using SSD technology for storage (“With SSD”
in Figure 1.3). Although we present the saving for a single server, the results were
obtained using the testbed described in section 1.4.1.
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Relative Energy Savings (%)
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Simulation
Validation
With SSD
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10
8
6
4
2
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bonnie++
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FFTW

Figure 1.3 Relative energy savings per benchmark
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Figure 1.4
(right)

Energy savings per component for HPL (left), b eff io (center) and bonnie++

Network
Network

CPU

CPU

Disk
Disk

Memory

Memory

Figure 1.5 Energy savings per component for TauBench (left) and FFTW (right)

Figure 1.3 shows the relative energy savings with respect to the energy used
without component-level power management techniques, for each of five different
benchmarks. We can appreciate that CPU- and network- intensive benchmarks
provide more opportunities of energy savings from disk optimization (e.g. FFTW)
while I/O-intensive benchmarks provide more opportunities of energy savings from
other subsystems (e.g. NIC). Furthermore, benchmarks with higher utilization of the
different subsystems (i.e. HPL) obtains less energy savings. The average energy
saving with actual executions is lower than the energy saving estimated through
simulations due to the lack of memory power management in the real hardware
and the lesser accuracy in switching between power modes. Using SSD technology
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reduces the energy consumption significantly. For non-disk intensive benchmarks
(e.g. HPL) the savings are moderate while the energy savings are much higher for
I/O intensive benchmarks.
Figures 1.4 and 1.5 show the distribution of energy savings per component for
the different benchmarks using simulation. We do not observe any clear correlation
between the distribution of energy savings per component and the total energy savings
because, among other things, the total savings may depend of the amount of time that
the subsystems are used in low power mode during the benchmark’s execution.

1.5 EVALUATION OF THE PROPOSED STRATEGIES
In this section, we evaluate the possible energy savings that can be achieved at the
datacenter level using proactive, component-based power management with a deterministic approach. To do this, we use simulation with traces of parallel workloads.
Along with traces, we also use the profiling of workloads and energy savings at server
level shown previously.
1.5.1

Methodology

To evaluate the performance and energy efficiency of the proposed approach, we used
real HPC workload traces from widely distributed production systems. Since not all
of the required information is obtainable from these traces, some data manipulation
was needed.
For our experiments, we have used the kento-perf simulator (formerly called Alvio
[23]), which is a C++ event driven simulator that was designed to study scheduling
and allocation policies in HPC systems. We have simulated a homogeneous cluster
system based on servers with 4 CPUs and 8GB of RAM each, which is a state of
the art server configuration. We also have considered the number of nodes that
conformed the original systems of the workloads described in section 1.5.2.
Using our measurements and existing research [39][44] (e.g. to obtain the power
required by a subsystem scaling from the total server power), we configured the
simulations with the power required for the different subsystems and the switch
latencies shown in Table 1.1. The model has some simplifications, such as using a
coarse grain level for switch latencies (we use longer latencies) due to the accuracy
of the simulator is by the order of seconds. Specifically, for the CPU we consider
three different states: running mode, i.e., C0 C-state and highest P-state (no savings),
low power mode, i.e., C0 C-state and the deepest P-state, and idle state, i.e., C-state
different to C0 (saving shown in Table 1.1). For the memory and storage subsystems,
we consider two states (regular and low power mode) based on Table 1.1 assuming
the use of newer technology for memory power management.
Since we assume that modern systems use power management techniques within
the operating system, we consider low power mode in our simulations when the
servers are idle due to low power modes may be significantly lower than in running
state [5]. We also assume that when an application running on a server with one of

16

ENERGY EFFICIENCY IN HPC SYSTEMS

its required subsystems in idle mode, the operating system will switch the required
subsystems to running mode. As well as taking into account the power required by
the previous subsystems, we also include in our model the power required by other
components such as motherboard, fans, etc. Therefore, some fixed amount of power
is always required, independently of the specific physical server configuration used.
However, we do not consider the power required for cooling and to manage external
elements.
Although this model is not completely accurate with respect to applications’
execution behaviors, it gives us a base framework to evaluate the possibilities of
proactive, component-based power management.
1.5.2 Workloads
In the present work, we have used traces from the Grid Observatory3, which collects,
publishes, and analyzes logs on the behavior of the EGEE Grid4 , and traces of the Intel
Paragon system located at the San Diego Supercomputer Center (SDSC) from the
parallel workload archive. While SDSC is a traditional HPC system composed by 416
homogeneous nodes, the EGEE Grid is a large-scale heterogeneous and distributed
system composed of more than 4,200 nodes. Since the traces are in different formats
and include data that is not used, they are pre-processed before being input to the
simulation framework. First, we convert the input traces to Standard Workload
Format (SWF)5 . We also combine the multiple files of which they are composed into
a single files. Then, we clean the trace in SWF format in order to eliminate failed
jobs, cancelled jobs and anomalies.
As the traces found from different systems do not provide all the information
needed for our analysis, we needed to complete them using a model based on the
benchmarking of HPC applications (see Section 1.3.2). After calculating the average
percentage of CPU, memory, storage and network usage for each benchmark, we
randomly assign one of the possible benchmark profiles to each request in the input
trace, following a uniform distribution. We also generate two variants of each trace
randomly assigning benchmark profiles by bursts. The bursts of job requests are
sized (randomly) from 1 to 5 job requests and from 1 to 10 job requests. These
traces are intended to illustrate the submission of scientific HPC workflows which
are composed of sets of jobs with the same resource requirements.
1.5.3 Metrics
We evaluate the impact of our approach on the following metrics: makespan (workload execution time, which is the difference between the earliest time of submission
of any of the workload tasks, and the latest time of completion of any of its tasks),
average bounded slowdown (BSLD), energy consumption (based on both static and
3 Grid

Observatory Site. http://www.grid-observatory.org/
Grid for E-sciencE Site, http://www.eu-egee.org/
5 Parallel Workload Archive Site. http://www.cs.huji.ac.il/labs/parallel/workload/
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dynamic energy consumption), Energy Delay Product (EDP). We define BSLD for a
given job:


runtimejob + waittimejob
BSLDjob = max 1,
max(runtimejob , threshold)
We consider a threshold of 60 seconds, which is commonly used in HPC systems to
avoid the influence of unrepresentative (very short) jobs.
1.6 RESULTS
We have conducted our simulations using the proposed strategies, workloads and
system models described in the previous sections with respect to a reference approach, which represents the most commonly configuration used in HPC datacenters.
Specifically, we have evaluated the following strategies:
• REFERENCE (REF) - implements the typical reactive power management at
the operating system level (i.e. DVFS when the CPU is not loaded). It follows
the First-Fit resource selection policy to allocate job requests to servers. This
means that it maps a given job to the first available physical servers that match
the request requirements.
• STATIC - implements our proactive approach with the proposed static allocation policy. It means that the servers’ configurations remain constant; therefore
a physical server can host only applications that match its specific characteristics. Specifically, we consider eight classes of configurations (one for each
possible combination of their subsystems configuration) and we model the
same amount of servers with each one.
• DYNAMIC - implements our proposed approach similarly to the STATIC
strategy but implementing dynamic resource re-configurations when they are
necessary. This means that when there are not available resources configured
with the requested configuration, it re-configures servers reactively in order to
service new application requests.
• DYNAMIC-2 - implements the same policy of the DYNAMIC strategy but it
allows to re-configure the subsystems of a server only when it is idle .
We have used three different variants of the workloads described in section 1.5.2:
• NO-BURSTS - follows the original distribution of the workloads described in
the previous section.
• BURSTS-5 and BURSTS-10 - job requests are by bursts sized randomly from
1 to 5 and from 1 to 10, respectively.
Figures 1.6, 1.7, 1.8 and 1.9 show the relative makespan, average BSLD, energy
consumption and EDP results, respectively. In each of these figures, we show the
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results obtained with both EGEE and SDSC traces in the same Y axis scale. For
readability, the results are normalized to the results obtained with the REFERENCE
configuration and the NO-BURSTS workload variant.
Figures 1.6 and 1.7 show that both makespan and BSLD results follow similar
patterns. With the REFERENCE strategy, the delays are shorter than those obtained
with the STATIC strategy. However, the delays obtained with the REFERENCE and
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with the DYNAMIC strategy are very similar. This is explained by the fact that using
the STATIC strategy with available resources, matching the request requirements
is harder because the number of resources with the same subsystem configuration
is fixed. This is specially significant with the SDSC because it has less number
of nodes and, therefore, a small number of nodes of each subsystem configuration.
In fact, the obtained results with EGEE are, in general, better than those obtained
with SDSC because with EGEE there are a much higher number of nodes of each
configuration, which results in higher probability to find resources that matches the
job’s requirements. As with the STATIC strategy, the makespan obtained with the
DYNAMIC-2 policy is longer than that obtained with the REFERENCE strategy.
In both cases, the makespan is longer due to scheduling issues (resource limitations
cause job blocking in the queue) and not due to the use of low power modes.
The BSLD is higher with the STATIC and DYNAMIC-2 strategies. It means that
with both of these policies the job waiting times are much longer than the job waiting
times with STATIC and DYNAMIC. The impact of the size of the workload’ bursts
on the different metrics is significant with the STATIC and DYNAMIC-2 strategies.
This is explain due to the fact that it is easier to allocate jobs in nodes with the same
configuration when they are submitted together (filling servers with jobs with same
requirements). However, using the SDSC workload there is not much difference
between bursts of up to 5 and bursts up to 10 because in SDSC the number of nodes
is smaller.
Although the makespan is shorter with the REFERENCE approach, the energy
consumption is lower with our proposed strategies than that obtained with REFERENCE. Specifically, both STATIC and DYNAMIC approaches obtain between 6-12%
energy savings with respect to the REFERENCE approach. The EDP obtained with
the DYNAMIC strategy is around 5% lower (on average) than the that obtained with
the REFERENCE approach. However, the DYNAMIC-2 strategy presents a higher
EDP. In both cases, the energy efficiency is better for those workloads composed by
bursts of jobs with similar requirements. It allows us to perform a more efficient
mapping due to the probabilities to reconfigure a server are lower. It also results in
lower over-provisioning of the server’s subsystems, which is the difference between
the subsystems that are in active mode and the subsystems required by the applications. Although the energy consumption is lower with the STATIC approach with
respect to the REFERENCE approach, the EDP is much higher. This is explained due
to the fact that the limitations in the subsystems availability results in lower resource
utilization and, therefore, even though the energy consumption of the resources is
lower, the resources are used during longer time
Therefore, we can conclude that STATIC and DYNAMIC-2 strategies do not
provide significant improvements with respect to the REFERENCE approach but
DYNAMIC presents better energy efficiency (more than 5%, on average) with very
little penalty on the performance (makespan). Moreover, we have stated that a higher
number of nodes facilitates the proactive configuration of subsystems in scenarios
with restrictions (STATIC and DYNAMIC-2), provides more energy savings, and
reduces the over-provisioning (in terms of subsystems).
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1.7 CONCLUDING REMARKS
In this chapter, we studied the potential impact of deterministic application-centric
power control at the device level on the overall energy efficiency of a system. Specifically, we analyzed the energy consumption of a node according to the usage of its
processor, memory and storage subsystem, and the NIC. Moreover, we evaluated
the possible energy savings at a datacenter level through the use of proactive power
management.
Our simulations showed that proactive, component-based power management can
be effective to save energy if the systems have sufficient mechanisms to provide
an accurate dynamic management of the subsystems based on the characteristics
of the workload. The results stated that using application-aware subsystem power
control can save additional energy, so it is fundamental to characterize the workload
appropriately.
We conclude that power management at the subsystem level can not be neglected
due to the increasing requirements of energy efficiency optimization in large-scale
data centers. We believe that our proposed predictive application-aware power management approach has sufficient potential to tackle this problem at the datacenter level.
Moreover, we stated that the potential of proactive power management techniques
is higher when the number of nodes available is higher. We also can conclude that
current and ongoing technologies such as memory that allow DVS must be adopted
and supported in large-scale data centers to enhance global energy optimizations. Finally, the findings of this work showed that there are opportunities to improve the job
scheduling and resource allocation strategies in HPC systems considering proactive,
component-level power management.

1.8 SUMMARY
Energy efficiency of large-scale data centers is becoming a major concern not only
for reasons of energy conservation, failures, and cost reduction, but also because such
systems are soon reaching the limits of power available to them. High Performance
Computing (HPC) systems, may consume power in megawatts, and of all the power
consumed by such a system only a fraction is used for actual computations. In this
chapter, we studied the potential of application-centric proactive power management
of data center’s resources for HPC workloads. Specifically, we considered power
management mechanisms and controls (currently or soon to be) available at different
levels and for different subsystems, and leverage several innovative approaches that
have been taken to tackle this problem in the last few years, can be effectively used in
a application-aware manner for HPC workloads. To do this, we first profiled standard
HPC benchmarks with respect to behaviors, resource usage and power impact on
individual computing nodes. Based on the findings at the server level, we proposed
proactive, component-based power management techniques with the purpose of improving energy efficiency with little or no performance loss. We then evaluated our
proposed algorithm through simulations using empirical power characterization and
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quantification. The obtained results showed that by using proactive, component-level
power management, we can reduce the average energy consumption without significant penalty in performance if the systems have sufficient mechanisms to provide an
accurate dynamic management of the subsystems based on the characteristics of the
workload. The results also stated that the potential of proactive power management
techniques is higher when the number of nodes available is higher.
Our findings motivate the development of autonomic components responsible
for component-based power management and the implementation of power-aware
scheduling and resource allocation strategies in HPC systems.
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