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Abstract

Energy consumption is becoming a crucial concern
within the high performance computing community as com-
puters expand to the peta-scale and beyond. Although the
peak execution rates on tuned dense matrix operations in
supercomputers have consistently increased to approach
the peta-scale regime, the linear scaling of peak execution
rates has been achieved at the expense of cubic growth
in power with systems already appearing in the megawatt
range. In this paper, we extend the ideas of algorithm scal-
ability and performance iso-efficiency to characterize the
system-wide energy consumption. The latter includes dy-
namic and leakage energy for CPUs, memories and network
interconnects. We propose analytical models for evaluat-
ing energy scalability and energy efficiency. These mod-
els are important for understanding the power consumption
trends of data intensive applications executing on a large
number of processors. We apply the models to two scien-
tific applications to explore opportunities when using volt-
age/frequency scaling for energy savings without degrading
performance. Our results indicate that such models are crit-
ical for energy-aware high-performance computing in the
tera- to peta-scale regime.

1 Introduction

The high performance computing community has tradi-
tionally focused on improving the number of instructions
executed per second. As we approach peta-scale comput-
ing, it is becoming increasingly important for architecture
designers to balance power requirements and computational
performance potential. Therefore, the focus is shifting from
the pursuit of highest possible performance in terms of
floating-point operations (f-ops) per second, to a metric that
captures power/energy efficiency of the systems such as f-
ops per Watt or f-ops per Joule.

The importance of power consumption in the context
of scientific computing is attributable to several factors.
First, high power consumption can lead to high tempera-
ture, which in turn requires sophisticated and costly cooling
techniques for large-scale parallel architectures. Second,

high temperatures threaten reliability of computing infras-
tructure and consequently integrity of data. Finally, peak
power consumption imposes constraints on power supply
design and increases overall system cost. All these factors
motivate the work on power reduction in data intensive sci-
entific applications.

Recent work in high performance computing [6, 18, 12,
27, 20, 32] has considered use of voltage scaling to save
power without unduly affecting performance. However,
many outstanding issues remain. One of the most important
of these issues is the energy scalability of scientific applica-
tions. More specifically, it is very important to understand
power-aware performance characteristics when very large
numbers of CPUs are used.

In this paper we extend the ideas of performance scala-
bility and iso-efficiency to characterize the system-wide en-
ergy consumption, which includes dynamic and leakage en-
ergy for processors, memories and network interconnects.
We first propose analytical models for evaluating energy
scalability and energy efficiency of scientific workloads.
We then use these models to explore opportunities for en-
ergy savings using voltage/frequency scaling without de-
grading performance. Our major contributions can be sum-
marized as follows:
• We introduce the concept of energy scalability in for-

mal terms and study its behavior using two scientific appli-
cations. In addition, we also study the concept of energy
efficiency/iso-efficiency and present experimental data, us-
ing base numbers collected from vendors.
• We extend our analytical models to show how volt-

age/frequency scaling can be used for studying the tradeoffs
between performance and power consumption when using
a large number of CPUs. In particular, we discuss how the
performance gain obtained through parallelization can be
translated to power savings.

To our knowledge, this is the first paper to discuss –
in formal terms – energy scalability and energy efficiency
of scientific applications executing on thousands of CPUs.
We believe our results will help application designers and
code implementers to select the right combination of power-
saving techniques based on their performance constraints
and power budgets.

Performance scalability has been extensively studied be-



fore. Grama et al [10] provide the formal definitions for sev-
eral metrics such as speedup, efficiency and iso-efficiency.
Our work extends these concepts into the energy domain.
Ge and Cameron [9] present a power-aware speedup model
for distributed systems by decomposing the workload with
the degree of parallelism and on-chip/off-chip characteris-
tics. While such a model can predict both the performance
and energy consumption in certain cases, it does not in-
vestigate the general trend for increasing energy consump-
tion as system scales up. Several other studies [11, 28]
attempt enhanced speedup definitions to extend Amdahl’s
Law to multicore chips, especially for heterogenous single
chip multi-processors. However, they only focus on per-
formance. Jiang et al [17] propose a metric called energy-
resource efficiency, which is built on top of the performance
efficiency to guide performance-energy tradeoff. In com-
parison, we use a new set of metrics to address the energy
scalability with more detailed power models. Many recent
papers identified power as a performance-limiting factor.
For example, Cameron et al [6] propose a framework called
PowerPack for application-driven power measurement and
management for scientific applications. Feng et al [8] use
such a framework and study the power-performance effi-
ciency of the NAS parallel benchmarks on a 32-node Be-
owulf cluster. Springer et al [32] focus on clusters with
CPU power control modes and investigate the near-optimal
scheduling to minimize the execution time under certain en-
ergy consumption limit, where processors can dynamically
change frequency and voltage.

The rest of this paper is organized as follows. Section
2 introduces the methodology for modeling power-aware
performance, proposes new energy-related metrics, and ex-
plains the baseline settings. Section 3 studies the energy
scalability and energy efficiency with two scientific appli-
cations as examples. Section 4 considers dynamic volt-
age/frequency scaling (DVFS) and the tradeoff between
DVFS and CPU shutdown. Finally, the concluding remarks
are given in Section 5.

2 Methodology for Modeling Power-aware
Performance

In this section, we describe methods used for explor-
ing energy-efficiency and power saving opportunities for
peta-scale systems. Our architecture abstraction assumes
that each node has a CPU, a memory hierarchy (which can
contain both hardware-managed conventional caches and
software-managed memories), and a network controller.
Such a system architecture is similar to many high perfor-
mance computers such as Blue Gene/L [1].

2.1 Modeling Energy Scalability and En-
ergy Efficiency

Let T1 be the application execution time on a single CPU
and Tp be the execution time on p CPUs. Several important

metrics used in the literature [10, 29] include performance
speedup (PS) and performance efficiency (PE), which can
be defined as follows:

PS =
T1

Tp
, (1)

PE =
PS

p
=

T1

pTp
. (2)

Analogous to these definitions of performance metrics,
we define new metrics to study energy scalability of appli-
cations running on large-scale parallel machines. Let E1 be
the energy consumption of the application when running on
a single CPU, and let Ep be the average energy per CPU
when running the same application on p CPUs. Thus, the
total energy for the parallel system with p CPUs is pEp.
Based on these definitions of E1 and Ep, we define energy
scaling (ES) and energy efficiency (EE) as follows:

ES =
E1

Ep
, (3)

EE =
ES

p
=

E1

pEp
. (4)

As we can see from the definitions, energy efficiency is
actually the ratio between the total energy consumptions of
a single CPU system and a parallel system with p CPUs.
Also, energy scaling can potentially be incorporated into
the study of thermal issues such as power density, though
these issues are not in the scope of this paper.

Dynamic energy and leakage energy are the two major
components of the total energy consumption [26, 19, 22].
Dynamic energy is dissipated due to circuit switching activ-
ities. Leakage energy on the other hand is consumed as long
as circuit is on, due to the leakage current. In old technol-
ogy generations, the focus has primarily been on dynamic
energy and leakage energy could be neglected. However,
leakage energy is expected to increase each generation and
will become a major component of the total energy in the
near future [4, 15]. Dynamic energy and leakage energy
have different attributes; for example, leakage energy has
two important factors, execution time and the number/size
of resources used, whereas dynamic energy is more or less
bounded by the instruction mix and data layout. Therefore,
we study their contributions to the total energy consumption
separately whenever possible and appropriate in our study.
We use Ei,d and Ei,l to denote the average dynamic energy
per CPU and average leakage energy per CPU, respectively,
in a system with i CPUs. Note that both Ei,d and Ei,l also
include other components such as memory and network in-
terface associated with one CPU. Therefore, we can define
energy scaling and energy efficiency for dynamic energy
and leakage energy separately as follows:



Table 1. Basic performance and energy variables and their default values.
variable description default value
tc number of time units for a single basic computation 0.031 or 0.33
tm number of average time units per memory access 10
ts number of average time units for communication setup 182
tw number of average time units to transmit a word over network 34
ec,d dynamic energy units for computations per unit time 80 or 0.8
ec,l CPU leakage energy units per unit time 50 or 0.2
em,d dynamic energy units for memory accesses per unit time 2.5
em,l memory leakage energy units per unit time 0.9
el link energy units per unit time 5

ESd =
E1,d

Ep,d
, (5) ESl =

E1,l

Ep,l
, (6)

EEd =
E1,d

pEp,d
, (7) EEl =

E1,l

pEp,l
. (8)

In this work, we consider the total energy consumption
as the sum of the energy consumption incurred by CPU op-
erations, memory accesses, and inter-processor communi-
cations. Note that, there are many components that may af-
fect the system performance/power characteristics, we only
consider these three dominating components in our study
for simplicity. This formulation gives us the opportunity to
study different optimizations and also allows us the freedom
to disregard hardware details.

2.2 Power and Performance Baseline

To calculate various components of performance and en-
ergy, we define the basic performance and energy variables
and obtain their default values from vendors as shown in
Table 1.
• CPU – We consider two types of processors: a low-

power core and a high-end workstation-like processor. We
refer to the energy numbers of the PowerPC440 core used
in the Blue Gene/L to represent the low-power space. The
PowerPC440 core uses 130nm process technology and con-
sumes approximately 1W of power on average. We esti-
mate the dynamic power as 0.8W and leakage power as
0.2W. To represent the high-end processors, we consider
the Intel Extreme Quad-Core Processor QX6700 proces-
sor under 65nm technology. The processor power is rated
at 130W, and we estimate the leakage power to be 50W
based on its power figure in its advanced HALT low power
mode [14]. Note that the real numbers may be slightly dif-
ferent from our estimations. Nevertheless, the values used
here reasonably represent the two different types of proces-
sors and their process technologies. We refer to these two
types of processors as the low-power processor and high-
power processor in the rest of the paper.
• Memory – We estimate the memory power consump-

tion based on the power calculator datasheets from Micron
Inc [25]. We simulate a 1GB DDR3 memory subsystem
consisting of eight 1 Gigabit, 16 data pin modules. A 64-bit
memory bus is assumed to be under 80% utilization, with

70% reads and 30% writes of these transactions. In addi-
tion, our calculation assumes even distribution of accesses
across all memory modules. As a result, the average power
of the memory subsystem is 3.4W and the leakage power of
the memory subsystem is 0.9W. Note that caches are criti-
cal in the modern memory hierarchy. However, we do not
include their power numbers into em,d and em,l because the
CPU power numbers already consider on-chip caches.
• Network Interface – We refer to Mellanox’s datasheets

[23, 24], which estimate the power consumption of their
high-speed infiniband network solution to be 5W per link,
and 10-12W per dual port adapter. We assume that the net-
work port consumes energy whether data is transmitted or
not. We further assume that the majority of the power con-
sumed by the network adapter per port is spent on main-
taining the link. Therefore, the energy consumption for the
network is simply the product of its power number and the
program execution time, i.e., we do not separate its dynamic
energy and leakage energy.

We obtain the performance constants from published
sources as well. We use tc to represent time spent in one
basic operation such as a floating-point addition, and tm is
the time to perform one memory access. Also, ts is the
startup time in cycles incurred for each network message,
and tw is the cost in cycles to transfer one double-precision
floating-point number over the network.

Table 2. Performance reference numbers
from Top500.

PowerPC 440 Intel Core Duo
N 1769471 1769471
F(N) 3694× 1015 3694× 1015

Sustained F-Ops/Peak F-Ops 0.76 0.76
Peak F-Ops 2.8× 109 21.28× 109

Sustained F-Ops 2.14× 109 16.27× 109

Frequency (GHz) 0.7 2.66
Cycles/F-Op 0.33 0.16
Cycles/F-Op Normalized 0.33 0.031

We estimated the constants of tc for high-power proces-
sor and low-power processor based on the published values
in the Top500 project [34] for the Intel Core Duo proces-
sors and PowerPC440 processors when running the LIN-
PACK benchmark. Table 2 shows the problem size as well
as the calculations used, estimating tc as the number of cy-



cles to perform one floating-point operation. N represents
the problem size, and F (N) is 2

3 ×N3 + N2. Peak F-Ops
performance is calculated assuming one F-Ops per SIMD
slot per processor cycle. The tc values for the Intel cores
are normalized to the cycle time of the PowerPC440 pro-
cessor (Cycles/F-op Normalized in Table 2). Additionally,
for the Intel multicore processor, we use the peak theoret-
ical f-ops rate for the whole processor. The ratio of max
f-ops to peak f-ops is approximately 0.76 for the PowerPC-
based Blue Gene/L. We assume that the same ratio holds for
the high-power processors, which is corroborated by perfor-
mance ratio obtained by many computers on the Top500 list.
We estimate network message startup time ts and transfer
time per double-precision floating-point number tw based
on one hop ping-pong latency for Blue Gene/L [2].

3 Studying Energy Scalability and Energy
Efficiency

In this paper, we study both strong scaling (fixed prob-
lem size when increasing the number of processors) and
weak scaling (increasing the problem size and the number
of processors together) in the context of high-performance
computers. The performance benefits that can be obtained
via strong scaling are bounded by the program’s serial frac-
tion following Amdahl’s Law. Also, the parallelization
overheads such as data communications limit the perfor-
mance benefits of strong scaling further. In this work, we
study the energy benefits obtained from strong scaling and
compare it with the corresponding performance benefits.
For weak scaling, people have studied the problem of iso-
efficiency, which is how to increase the problem size to-
gether with the number of processors in order to keep the
performance efficiency constant. We discuss energy iso-
efficiency and investigate its relationship with performance
iso-efficiency in Section 4.

3.1 General Formulations

For a given application, assume Γ to be the number of
basic computations, Φ to be the number of communications
and Π to be the amount of data transmitted. We can calcu-
late the execution time of this application on a single CPU
and on a system with p CPUs as follows:

T1 = tcΓ + tmΓ, (9)

Tp = tc
Γ
p

+ tm(
Γ
p

+ Π) + tsΦ + twΠ. (10)

In the above equations, Γ is a function of the problem
size, while Φ and Π are functions of both the number of pro-
cessors and the problem size. Note that the number of mem-
ory accesses is calculated as the summation of the number
of computations and the number of data elements transmit-
ted. This is because, for each computation, some data is
read or updated; also, the memory accesses are needed in

communication to save the data. Recall that we use the ex-
pression “memory access” to refer to an access to the mem-
ory hierarchy. Therefore, accesses to caches are also cap-
tured in this abstraction. We decide not not to incorporate
a separate cache module because it is difficult in general
to predict cache behaviors at the algorithmic level. Using
a single number for the memory access is a simplification.
One can obtain such a number based on profiling and sam-
pling the real execution [8, 12, 35].

Based on Equations 9 and 10, we can write the following
expressions for performance speedup (PS) and performance
efficiency (PE):

PS =
T1

Tp
=

tcΓ + tmΓ
tc

Γ
p + tm(Γ

p + Π) + tsΦ + twΠ
, (11)

PE =
T1

pTp
=

tcΓ + tmΓ
tcΓ + tm(Γ + Πp) + tsΦp + twΠp

=
1

1 + (tsΦ+(tm+tw)Π)p
(tc+tm)Γ

. (12)

Note that the parallelization overhead, which is impor-
tant in studying the iso-efficiency, can be represented as fol-
lows:

T0 = pTp − T1 = (tsΦ + (tm + tw)Π)p. (13)

Similarly, the following equations represent the energy
consumption E1 and Ep as defined earlier.

E1 = tcΓec,d + tmΓem,d + T1(ec,l + em,l), (14)

Ep = tc
Γ
p

ec,d+tm(
Γ
p

+Π)em,d+Tp(ec,l+em,l+el). (15)

Based on these two equations, we can derive the energy
scaling (ES) and energy efficiency (EE) as follows:

ES =
E1

Ep
=

tcΓec,d + tmΓem,d + T1(ec,l + em,l)
tc

Γ
p ec,d + tm(Γ

p + Π)em,d + Tp(ec,l + em,l + el)
.

(16)

EE =
E1

pEp

=
tcΓec,d + tmΓem,d + T1(ec,l + em,l)

tcΓec,d + tm(Γ + Πp)em,d + Tpp(ec,l + em,l + el)

=
1

1 + tmΠpem,d+(pTp−T1)(ec,l+em,l)+Tppel

tcΓec,d+tmΓem,d+T1(ec,l+em,l)

. (17)

As a result, the energy overhead due to parallelization
can be defined as follows:

E0 = pEp − E1

= tmΠpem,d + (pTp − T1)(ec,l + em,l) + pTpel. (18)



With such formulations, we can also investigate the iso-
efficiency for energy consumption, i.e., the workload in-
crease needed when increasing the number of CPUs in order
to keep the energy efficiency constant. Such functions can
be obtained similarly from Equation 18.

3.2 Case Studies

In this section, we describe the scientific codes used in
this study, and present the trends of energy metrics with
these applications. The performance scalability of these ap-
plications was discussed in detail in several books [10, 29].
However, the cost of memory accesses was ignored in the
previous studies, which may hurt the accuracy of the es-
timation. We extend their formulations and propose new
models for energy scalability and energy efficiency. The
interconnection architecture is assumed to be a hypercube
or mesh with cut-through routing in estimating the com-
munication costs, as in the study by Kumar et al [10].
Due to space limit, we only illustrate fast fourier transform
and dense matrix-vector multiplication here. Discussion on
other kernels such as sparse matrix-vector multiplication
can be found in our technical report [7].
• Fast Fourier Transform (FFT)
A fast Fourier Transform (FFT) is a divide-and-conquer

algorithm to compute the Fourier Transforms. A variety of
methods have been developed for FFT. For the purpose of
our discussion, we consider the simplest one-dimensional,
unordered and radix-2 binary exchange algorithm [10].
Binary-exchange algorithm for an n-point FFT has log n
iterations. All the data points are updated in each itera-
tion. Thus, the total number of computations is n log n. In
a parallel system with p CPUs, each CPU updates n/p data
points on each iteration. The computations in the first log p
iterations need data communication and the rest are local.
In each communication step, n/p data points are transmit-
ted. The number of communications and the number of data
elements transmitted are summarized in Table 3.

Table 3. Different cost components for differ-
ent applications.

Application Γ Φ Π
FFT n log n log p n

p log n

DMVM n2 log p n√
p log p

We apply strong scaling to the FFT application with the
problem size fixed at 256M -point FFT and varying the
number of CPUs as powers of 2 from 2 to 216. Follow-
ing the general equations in Section 3.1 and using the cost
expressions in Table 3, the performance speedup and en-
ergy scaling results are given in Figures 1(a) and 1(c) for
the high-power processor and low-power processor cases,
respectively. Figures 1(b) and 1(d) show the performance
efficiency and energy efficiency plots. Note that the default
settings in Table 1 are used for the basic variables.

We see from Figure 1 that energy scaling is worse than
the performance speedup as the number of CPUs increases.

Similarly, the performance efficiency grows faster than en-
ergy efficiency. Note that the performance efficiency curves
in Figures 1(b) and 1(d) are not same because the low-power
processor runs slower than the high-power processor. How-
ever, they look similar because the memory latency dom-
inates the execution time in the application. When com-
paring the different results for the low-power processor and
high-power processor, we see that the differences between
performance metrics and energy metrics are much larger
with the low-power processor. The reason is that network
energy overhead takes a much larger fraction when using
the low-power processor comparing with the high-power
processor. Similarly, the energy efficiency is lower when
using the low-power processor. This is again because mem-
ory and network consumes the majority of the energy con-
sumption, resulting in significant energy overhead.
• Dense Matrix-Vector Multiplication (DMVM)
The serial runtime of multiplying a dense matrix of di-

mension n×n with a vector is tcn
2, where tc is the time for

a single multiply-add operation. We assume a 2-D partition-
ing method for the parallel matrix-vector multiplication. In
this case, the n × n matrix is divided into p blocks to map
onto p CPUs, and each block has (n/

√
p) × (n/

√
p) ele-

ments. The vector is also distributed among the p CPUs.
The parallel computation consists of aligning the vector,
column-wise broadcasting, and row-wise reduction [10].

Using the cost expressions in Table 3, Figure 2 plots the
results when multiply a 16K×16K matrix with a 16K vec-
tor. Again, we see that the energy efficiency scales worse
than the performance efficiency. Also, the energy scaling
keeps increasing at a rate less than that of the speedup. The
variations, which we observed with FFT, between the low-
power processor and high-power processor still hold.

4 Voltage/Frequency Scaling

Dynamic voltage/frequency scaling (DVFS) has been
widely used to decrease power consumption under certain
performance bounds [5, 13, 16, 30]. In this section, we
study the potential benefits of employing DVFS techniques
in our target large-scale parallel system. Note that although
it is possible to apply DVFS to network links [31] and mem-
ory modules [3], such techniques are not commonly used in
practice; thus, we limit our discussion to CPUs.

To investigate the impacts of DVFS techniques on energy
consumption and energy scalability, we extend the energy
scalability metrics to include the voltage/frequency levels.
Assuming that Ep,α denotes the energy consumption per
CPU for a parallel system with p CPUs running at the fre-
quency of αfmax, the following equations give the corre-
sponding energy scaling and energy efficiency metrics:

ESα =
E1,1

Ep,α
, (19)

EEα =
ESα

p
=

E1,1

pEp,α
. (20)



(a) (b) (c) (d)

Figure 1. Performance and energy results for FFT. (a) and (b) for the high-power processor; (c) and
(d) for the low-power processor.

(a) (b) (c) (d)

Figure 2. Performance and energy results for DMVM. (a) and (b) for the high-power processor; (c)
and (d) for the low-power processor.

Decreasing the supply voltage on a fixed system con-
figuration has impacts on both the operating frequency and
the basic power numbers. In the CMOS technology, these
impacts can be represented using the following equations
[19, 22]:

fmax ∝ (Vdd − Vth)α

Vdd
, (21)

P = Pdyn + Pleak = ACV 2
ddf + IleakVdd. (22)

In these equations, Vdd and Vth represent supply voltage
and sub-threshold voltage respectively. A is the gate activ-
ity factor, C is the total capacitance, and f is the operating
frequency. Ileak is the leakage current, which mainly con-
sists of subthreshold and gate-oxide leakage [22]. The en-
ergy consumption is simply the product of the total power
number and the execution time. The latter can in turn be
calculated as the number of cycles divided by the operating
frequency.

We consider a realistic case of DVFS under 130nm pro-
cess technology, where the range for Vdd is 0.7V ∼ 1.5V
and the interval between stages is 0.1V . Based on the
analytical models captured by Equations 21 and 22, we
obtain the corresponding frequency and power numbers.
These numbers are verified against the simulation results
on HSPICE [33], a popular digital circuit simulator.
• We first study using different voltage levels on a paral-

lel system with both problem size and the number of CPUs
fixed. We take dense matrix-vector multiplication (DMVM)
application as an example, assuming the problem size of

16K and 256 low-power processors. The results for per-
formance speedup and energy scaling are illustrated in Fig-
ure 3. All the results are normalized to the values when
Vdd = 1.5V (the maximum supply voltage we assumed
for 130nm process technology). When the supply voltage
is decreased, the performance speedup drops as expected.
The figure also shows energy scaling decreases. This is be-
cause the energy saving on low-power processors through
DVFS is less than the increased leakage on memory and
link. To further illustrate this phenomenon, we alternate the
CPU power numbers to 15W and 130W , and the results are
shown in Figure 4. Comparing with Figure 3, the trends for
energy scaling in these cases differ. As the supply voltage
decreases, the energy scaling goes up to a certain point and
then decreases. This is due to the dominate factor changes
between CPU energy savings and system leakage energy in-
crease. As the number of processors is not changed in this
study, the results for performance efficiency and energy ef-
ficiency are similar, following Equations 19 and 20.

• We now study the potential energy savings in strong
scaling, where the problem size is fixed and the number of
processors increases. Let us assume the voltage/frequency
level of x is selected (from among a set of discrete volt-
age/frequency levels) for a system with p CPUs, i.e., the
CPU setting is Vx/fx. We further assume that the total en-
ergy consumption for the system with this operating point
is pEp = ex and execution time is Tp = tx. Now, we can
express the question to be addressed as follows: Is it possi-
ble to use a larger number of CPUs (p′ > p) with a smaller
voltage/frequency (say Vy/fy) to achieve the same execu-
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Figure 3. DVFS
results of perfor-
mance speedup
and energy scaling
for DMVM.
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Figure 5. Execu-
tion time and total
energy of DMVM
using 130W high-
power processor
with DVFS.
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Figure 7. Energy efficiency and performance efficiency under weak scaling with DVFS for the DMVM
application. (a) and (b) for the low-power processor; (c) and (d) for the high-power processor.

tion time tx (i.e., Tp

fx
= Tp′

fy
), but with lower total energy

consumption than ex?
Figure 5 presents results, for DMVM, that help de-

signers find answers to the question raised above for the
high-power processor case. For each processor count,
we calculated the execution time and energy consump-
tion values for the maximum available voltage/frequency
level (Vmax/fmax) and the minimum available volt-
age/frequency level (Vmin/fmin). The results shown are
normalized to those when 210 CPUs are running at maxi-
mum frequency (corresponding to 1.5V supply voltage).

If we fix an execution time value on this plot, determine
the corresponding processor counts (p and p′) from the ex-
ecution time curves, and calculate the difference between
the corresponding energy consumption results, this gives us
the amount of energy we can save by using p′ CPUs with
Vmin/fmin level, over p CPUs with Vmax/fmax level. For
example, we can see from Figure 5 that if p = 210, more
than 40% energy saving can be obtained when p′ = 2, 896
and running such number of CPUs at minimum frequency
(corresponding to 0.7V supply voltage).

In order to investigate the ideal power saving potentials,
we next assume that an infinite number of voltage/frequency
levels are available (i.e. continuous scaling is possible). In
this case, we try to make the execution time on p CPUs
the same as that of one CPU by voltage/frequency scaling,
i.e., T1/fmax = Tp/fα (T1 and Tp represent the execution
time before applying DVFS for serial system and parallel

system respectively), and study corresponding energy sav-
ings. In other words, parallelization in this case is not used
to achieve speedups but to save energy instead. However,
under these assumptions, Equations 21 and 22 become in-
feasible to use in deriving frequency from decreased sup-
ply voltage and deriving constants in leakage current. We
choose a linear DVFS scenario [16], where both voltage
and frequency are scaled linearly. For instance, if the Vdd

is decreased to x%Vmax, the frequency is also decreased to
x%fmax. Also, we decided to study only the dynamic en-
ergy behavior in this case. Such a study is also important
as, for most of the processors used today, dynamic energy
still dominates the total energy consumption. The results
for the FFT application are shown in Figure 6. As we can
see, the total dynamic energy can be saved significantly if
one chooses to exploit parallelism for saving energy only.
• We have also studied the change in both performance

efficiency and energy efficiency under weak scaling when
using iso-efficiency functions for performance with differ-
ent supply voltage levels available. For example, with tar-
geted performance efficiency at 0.35 for the DMVM appli-
cation, the results are shown in Figure 7. Note that when
studying the high-power processor, we assume that the
highest supply voltage is 1.1V following the product spec-
ifications for 65nm process technology in industry. Fig-
ures 7(a) and 7(b) show that energy efficiency has a similar
curve to that of the performance efficiency, though the for-
mer has smaller values. By comparison, Figures 7(c) and



7(d) indicate an opposite trend, namely, when the supply
voltage is decreased, energy efficiency increases and per-
formance efficiency decreases. This is due to the differ-
ent power numbers of different types of processors. More
specifically, when the low-power processor is used, the en-
ergy gain by DVFS is not obvious, compared with other en-
ergy consumption components. An observation when com-
paring these figures is that the energy efficiency value which
can be maintained seems to be smaller than the performance
efficiency value that can be maintained.

5 Conclusions

We have extended the well-known models for perfor-
mance scalability and efficiency to include energy con-
sumption, considering both strong scaling for fixed problem
size and weak scaling for iso-efficiency. We introduce the
concept of energy scalability in formal terms and study its
behavior using several scientific applications. We apply the
analytical models to investigate the energy savings by com-
bining strong scaling and weak scaling with dynamic volt-
age/frequency scaling. Such models enable us to estimate
the benefits and to find the settings with which the original
problem solution time is maintained, while overall system
energy consumption is reduced significantly. For example,
the results in our case study show that running the same
application on more CPUs at lower frequency can save as
much as 40% energy.

In this work, we have tried to make the formulation of
energy models simple so that it can be easily used at design
time. This simplicity also brings several limitations. For
example, our models do not consider specialized hardware
optimizations such as possible computation/communication
overlap. Also, we have only applied them to limited ker-
nels for which performance can reasonably be captured with
complexity analysis. Extending these models to general ap-
plication requires more complex techniques. As a possible
solution, we can utilize the testing results based on several
configurations and use regression methods [21] to develop
the estimation functions, which can make our models still
applicable.
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