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Abstract—With recognizing power as a first-class citizen in
the HPC community and the growth of software running on
battery-driven devices, the need to evaluate software design based
on the combined effects of energy and performance has become
eminent. Despite of the numerous metrics to evaluate software
performance, the study on how to evaluate software energy
efficiency is still in its early stage. In this paper, we propose the
Greenup, Powerup, and Speedup metrics (GPS-UP) to categorize
software implementation and optimization efficiency. The GPS-
UP metrics transform the performance, power and energy of a
program into a point on the GPS-UP software energy efficiency
quadrant graph. We present eight categories of possible scenarios
of software optimization, with examples on how to obtain them.
Four categories are green (save energy), and four are red (waste
energy). Moreover, we compare our metrics to existing metrics
such as Energy Delay Product (EDP).

Keywords—software energy efficiency, software power measure-
ment, software optimization, software evaluation metrics.

I. INTRODUCTION

Over the past 30 years, industry and researchers have
made substantial efforts in improving the energy efficiency of
hardware. As a result, the cost of a million instruction per
second per Watt (MIPS/Watt) has improved 28 times [1]. This
improvement is even higher than improvements achieved by
production machines in industry applications such as steel or
automotive manufacturing. Although the hardware is getting
more energy efficient, noticeable energy is wasted due to in-
correct programming practices. We have seen sufficient studies
on improving the performance of software but not many on
improving the energy efficiency of software. This is partially
because software developers tend to rely on the improvement
of hardware energy efficiency to improve software energy effi-
ciency. In addition, achieving more energy savings via software
optimization is usually a labor intensive process (i.e. costly).
Therefore, software development companies are not willing to
take the risk, especially when the foundations of green software
design (e.g. fundamental theories and principles, guidelines
and case studies, ease-of-use power measurement tools, as well
as evaluation metrics) are still lacking or missing.

Recently, this situation started to change for a variety of
reasons: 1) Power has been recognized as a first-class citizen
in data centers, which requires a comprehensive rethinking
on both hardware and software design for better energy effi-
ciency; 2) We are quickly approaching the physical limitation
on further improving hardware energy efficiency due to the
transistor density wall, the heat wall, and the voltage scaling
wall; 3) The ubiquitous usage of battery-driven devices and

upcoming Internet of Things (IoT) requires a whole new level
of energy efficiency for software running on them; and 4)
Most modern hardware (e.g. CPU, DRAM, GPU, Xeon Phi)
now supports ease-of-use power measurement tools, which
enables software developers to analyze the energy consumption
of their code. We predict that there will be a rising demand
to increase software energy efficiency worldwide and more
software developers will consider energy efficiency in their
programming practices.

To embrace these changes, metrics that can evaluate soft-
ware energy efficiency need to be in place. Unfortunately,
the current standard on evaluating software emphasizes per-
formance but lacks metrics to evaluate the energy efficiency.
Moreover, existing studies seem to show different aspects of
software optimization for energy efficiency. For example, many
believe that faster code always leads to more energy efficient
code. Therefore, a conclusion is drawn that energy efficiency is
merely a byproduct of performance improvement. While others
believe that high performance and low energy are conflicting
goals to achieve. To reduce energy consumption, performance
needs to be sacrificed or vice versa. Both opinions reveal
part of the facts but not telling a complete story. Since the
amount of energy used is the product of time and power
consumed, energy savings can be obtained by many ways:
reducing runtime, reducing consumed power, reducing both,
increasing runtime but reducing more power or vice versa.
Therefore, judging software energy efficiency by time analysis
or power usage alone is a deficient vision, which will bring in
uncertainties and sometimes cause confusion.

To solve this problem, Gonzalez and Horowitz published
the Energy Delay Product metric [2], in which they have
shown that it is necessary to consider both energy and runtime
simultaneously. EDP is defined as the product of energy and
runtime. However, the EDP metric has its own weakness,
which can be illustrated using a hypothetical example. Suppose
a code (before optimization) runs 100 seconds with 20,000
Joules. Optimization 1 parallelizes the code and makes it
run for 25 seconds with 10,000 Joules. Optimization 1 runs
4 times faster but consumes 2 times more power thereby
saving 2 times of energy. Optimization 2 also parallelizes the
code, but uses Dynamic Voltage Frequency Scaling (DVFS)
to reduce the frequency of multicores. It runs for 50 sec-
onds with 5,000 Joules. Optimization 2 runs 2 times faster
but consumes 1/2 of the power thereby saving 4 times of
energy. Although, optimization 1 and optimization 2 have the
same EDP value (250,000), they clearly belong to different
categories. Optimization 2 improves energy consumption more
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than performance and optimization 1 improves performance
more than energy consumption. EDP cannot distinguish them.

To reveal the true correlations of energy, power, and per-
formance when optimizing software, we propose the Greenup,
Powerup and Speedup (GPS-UP in short) metrics. The GPS-
UP metrics transform the impact of any software optimization
on performance, power and energy consumption into a point
on the GPS-UP software energy efficiency quadrant graph. We
will further discuss the advantages of our metrics over the EDP
metric in Section IV-E. In addition, we present 8 categories of
possible scenarios of software optimization, with examples and
suggestions on how to obtain them. Through these examples,
we try to answer the following questions: 1) Is performance
efficiency equivalent to energy efficiency? 2) Is there a win-
win situation for both performance and power consumption?
3) Is there any optimization that helps energy more than
performance? 4) Is the current metric sufficient to evaluate
the software efficiency? 5) What are the correlations between
performance, power and energy when optimizing software?

This paper makes the following contributions:

1) Defining the Greenup, Powerup and Speedup metrics
to explain the correlations of energy, power and
performance when optimizing software.

2) Using the three metrics to categorize software opti-
mizations into one of the eight categories. Category
1 - 4 are considered as green categories (i.e. the
energy consumption is reduced) and category 5 -
8 are considered as red categories (i.e. the energy
consumption is increased).

3) Providing examples for each of the 8 categories.
4) Distinguishing between DVFS optimizations that save

or waste energy in category 4 or 6.

The remainder of the paper is organized as follows. Section
II presents related work. Section III presents four carefully
selected applications and their description. Section IV explains
the GPS-UP metrics and software optimization categories. In
Section V, we present our experiments and examples for each
category. Finally, Section VI summarizes this work, draws
conclusions, and discusses future research directions.

II. RELATED WORK

A recent study attempted to classify all models and metrics
used to evaluate energy-efficient computer systems [3]. Our
metrics can be classified as component-level metrics that can
be used to compare two designs. To the best of our knowledge,
the only comparable metric to our research is the Energy
Delay Product (EDP) [2], which is a fused metric between
energy and time delay. On the contrary to EDP, our metrics
separate energy and performance to provide more insights to
the proposed optimization.

At the system-level, metrics such as performance/Watt or
SWaP (Space, Watt and Performance) were proposed. Ge and
Cameron [4] presented a power aware Speedup model for
parallel systems. This model primarily focused on studying
two aspects: effect of changing number of nodes (parallelism),
and processor frequency (power). While these two aspects are
important, there are more factors to be further studied when
optimizing code for energy efficiency. Moreover, Song et al. [5]

developed the iso-energy efficiency model that accurately pre-
dicts total system energy consumption and efficiency for large
scaling parallel systems. It tried to quantitatively understand
the effects of power and performance at scale. However, its
method to predict optimal system performance relied on EDP.
EDP does not give the optimal solution in certain cases. Also,
their model evaluates machine and application parameters. And
our method evaluates code optimization effects.

Our previous work [6] studied the impact of changing
programming languages, compilers, and implementations on
software energy efficiency. It provided advice to programmers
on how to improve the energy efficiency of their software.
Pinto et al. found out that the software energy issues have been
greatly understudied regardless of rapidly increased interests in
the software development community in recent years [7].

Other studies present models of algorithm’s energy con-
sumption. Choi et al. [8] presented an algorithmic performance
analysis of time, energy, and power on HPC systems. However,
the peak performances they were able to achieve are hard
to achieve on complicated algorithms. Awan and Petters [9]
studied the impact of race to halt which is a strategy to make
the algorithm run at top speed then shut down the devices
to save power. While this might be true in many cases, our
methodology proves that peak Speedup does not imply peak
Greenup. By improving the code’s number of operations and
the optimum usage of main memory and cache there is more
room for energy savings.

At the hardware level, cache reconfiguration and DVFS has
been studied extensively. Totoni et al. [10] proposed a new
technique to reconfigure the cache adaptively using a runtime
system that turns on/off parts of cache according to the cache
utilization of the running software. In section IV-B, we will
see that DVFS falls in Category 4 and 6.

Most of previous research in software optimization focused
on improving performance and maximizing speed. There is a
common belief that a fast code implies an energy efficient
code. By observing the relationship between GPS-UP metrics,
we were able to categorize software versions and show that
some optimization techniques can help energy more than
performance. We also pointed out the significant improvement
in energy efficiency for category 1 optimizations.

III. ALGORITHM DESCRIPTION

We carefully selected four algorithms, Fast Fourier Trans-
form (FFT), Towers of Hanoi, Shellsort, and Fibonacci series.
For each algorithm, we have a number of different implemen-
tations. The details of each application are discussed below.

A. Fast Fourier Transform

A Fast Fourier Transform (FFT) is a fast algorithm to
compute the Discrete Fourier Transform (DFT) and its inverse.
We implement FFT using the CooleyTukey algorithm [12],
which is a divide and conquer algorithm that recursively breaks
down a DFT of any composite size N = N1*N2 in terms of
smaller DFTs of sizes N1 and N2, consequently it reduces the
computation time to O(N log N) for highly-composite N. In
our implementation, N must be a power of 2. First, a fixed size
array is allocated and initialized, then an in-place N-point FFT



is calculated. In C and C++, we use static arrays. In Java, the
array is assigned using the new operator. Note that all objects,
including arrays, are always allocated at run time in Java.
We have identical C, C++, and Java FFT implementations for
two FFT algorithms. The first algorithm is recursive FFT with
twiddle factors computed at runtime. The second algorithm
uses a look-up table to precompute the twiddle factor and store
them in memory, and access them while running. We have 18
versions of FFT codes, and we executed each code with 7
different input sizes. Versions vary in programming languages
(C, C++, Java), algorithms (recursive calculation of twiddle
factors v.s. look-up table), compiler optimization flags (-O1,
-O2, -O3).

B. Towers Of Hanoi

Towers of Hanoi [13] is a well-known mathematical game,
which consists of three rods and N number of disks of various
sizes. The game starts with the disks stacked so that their
sizes are in ascending order on the first rod. The solution is
to move the disks to the third rod also in ascending order.
There are two conditions for moving the disks, to move one
disk at a time, and to constantly keep the disks in ascending
order with respect to size. This algorithm demonstrates the
difference between a recursive algorithm and an iterative
algorithm in terms of energy consumption. To make a fair
comparison, we have an almost identical code. We started with
the Amit Singh 1998 implementation of towers of Hanoi and
generated code versions in C++ and Java for both iterative
and recursive implementation. We omitted C results as C++
have a nearly equal energy consumption. We also added -O2
and -O3 optimization flags to C++ and omitted -O1 to reduce
redundancy i.e. total of 8 versions.

C. Shellsort

Shellsort [14] is an in-place comparison-based sorting
algorithm that has an average time complexity of O(n3/2) and
performs exceptionally well on medium-to-large data sets. The
algorithm works by comparing two elements that are separated
by a gap. The first element is compared to the element located
gap positions down the list, the next element is then located
gap positions away, and so on. Each new group of elements to
be compared is assigned to a core. The algorithm scales well
because cores do not have data dependencies with each other
when comparing and swapping their sublists of elements. The
algorithm is computation intensive due to the compare and
swap operations. The shellsort is parallelized using OpenMP
and the workload is distributed evenly.

D. Fibonacci

Fibonacci sequence [15] is a well-known math problem.
The Fibonacci calculation code that we measure calculates
45 Fibonacci numbers (i.e. Fib(2), Fib(3), ... , Fib (46)).
Each Fibonacci calculation generates a task, which recursively
calculates the respective Fibonacci number of the sequence
position. Each task is assigned to a waiting thread to complete
the actual computation of a Fibonacci number. Since the work
required to calculate large Fibonacci numbers (e.g. Fib (46)
and Fib (45)) is much heavier than small Fibonacci numbers
(e.g. Fib(2) and Fib(3)), this implementation has a skewed (i.e.
highly unbalanced) workload.

IV. A BASIC MODEL AND GREEN SOFTWARE
CATEGORIES

A. Greenup, Powerup, and Speedup Metrics

In parallel programming, Speedup is defined as the ratio of
serial code runtime over parallel code runtime. The Speedup
concept was expanded to cover any comparison between
two implementations of the same algorithm whether it is a
parallel or serial code. Assume we have two implementations
of an algorithm. One of them is an unoptimized code (i.e.
baseline code) and the other is an optimized code for better
performance or energy consumption. We define the Speedup
of the optimized version as

Speedup =
Tφ
To

, (1)

where Tφ is the total execution time of non-optimized code,
and To is the total execution time of the optimized code.
Similarly, we define the term Greenup as the ratio of the total
energy consumption of the non-optimized code (Eφ) over the
total energy consumption of the optimized code (Eo). Greenup
is analogous to Speedup as it reflects how green the optimized
code is in term of energy consumption.

Greenup =
Eφ
Eo

, (2)

Assuming, Pφ is the average power consumed by the non-
optimized code and Po is the average power consumed by the
optimized code, we can define Eφ and Eo as

Eφ = Tφ ∗ Pφ Eo = To ∗ Po. (3)

By substituting Eq. 3 in Eq. 2, we get

Greenup =
Tφ ∗ Pφ
To ∗ Po

=
Speedup ∗ Pφ

Po
. (4)

We have defined Greenup and Speedup to measure the energy
and performance effects respectively. Eq. 4 introduces a new
ratio to define the average power consumption ratio, namely
Powerup.

Powerup =
Po
Pφ

=
Speedup

Greenup
. (5)

Powerup implies the power effects of an optimization. A less
than 1 Powerup implies power savings while a greater than
1 Powerup indicates that the optimized code consumes more
power in average.

B. GPS-UP Software Categories

After we have defined the Greenup, Powerup and Speedup
metrics, we can compare any two programs to find out which
one is better in terms of performance and energy efficiency.
Our method provides a unique way to evaluate the impact
of the optimized code on performance, power and energy
efficiency by pinpointing it into one category of the GPS-
UP Software Energy Efficiency Quadrant Graph ( Figure 1
illustrates the eight GPS-UP software categories). Categories



1 - 4 are green categories (i.e. saving energy) while categories
5 - 8 are red categories (i.e. consuming more energy). More
details about each category are discussed below.

Fig. 1. GPS-UP Software Energy Efficiency Quadrant Graph. The green
categories represent energy savings, while the red categories represent energy
loss compared to a reference non-optimized code.

1) Category 1: This green category is specified as
Powerup < 1, and Speedup > 1. Category 1 optimizations
run faster and consumes less power, leading to more energy
savings as both time and power have decreased. An example of
this category is discussed in section V, which takes advantage
of the performance boost of relying more on the cache rather
than CPU computation or main memory.

2) Category 2: This green category is specified as
Powerup = 1, and Speedup > 1. Optimizations belong
to this category have a better performance but on average
consume the same amount of power. We usually get this
category in serial optimizations. This category justifies why
some developers only focus on performance and neglect energy
efficiency. It is usually found in CPU intensive applications
where energy and time scale linearly. A typical example of
this technique would be race-to-halt.

3) Category 3: This green category is specified as
Powerup > 1, Speedup > 1, and Speedup > Powerup.
Here, we achieved better performance at the expense of con-
suming more power. Since the Speedup obtained is more than
the power penalty spent, the optimized code still saves energy.
Category 2 and 3 are the most studied categories as they are
easy to attain by doing simple changes to the algorithm or the
programming language. Most optimization flags in C and C++
language, plus some parallel algorithms fall into this category.

4) Category 4: This green category is specified as
Powerup < 1, Speedup < 1, and Speedup > Powerup.
Here, we sacrifice performance in favor of using less power.
Since the saved power is more than the performance degra-
dation, the optimized code still consumes less energy overall.
Some DVFS applications fall perfectly into this category.

5) Category 5: This red category is specified as
Powerup > 1, Speedup > 1, and Powerup > Speedup.

This is a controversial category, while current literature might
consider this as a better algorithm as the code runs faster. In
our method, we see this category as a red category because it
consumes more energy. The increase in Powerup is more than
the improvement in the Speedup. An example of this category
would be the over-parallelization of an algorithm, i.e. using an
optimized parallel algorithm with a large number of parallel
devices that the energy overhead of the parallelization is more
than the gained performance.

6) Category 6: This red category is specified as
Powerup < 1, Speedup < 1, and Speedup < Powerup.
Optimizations belong to this category sacrifice performance
in favor of using less power. But the power savings is not
large enough, leading to more energy consumption. Here,
the sacrificed performance is larger than the power reduction
thereby using more energy than the base application. An
example of this category is a DVFS code implementation that
uses a fairly low frequency. It consumes more energy than its
baseline version (Greenup < 1).

7) Category 7: This red category is specified as
Powerup = 1, Speedup < 1. We get worse performance, and
on average we did not save power. This optimization implies
that Speedup = Greenup and both of them are less than 1.

8) Category 8: This red category is specified as
Powerup > 1, Speedup < 1. It represents worse perfor-
mance, with more power consumption. This category shows
the worst case, an opposite of Category 1.

C. A Numerical Example

Now it is time to further explain the proposed GPS-UP
metrics and the aforementioned categories using a concrete
example. In Figure 2, we compare a C language recursive
implementation of FFT, versus a C language recursive im-
plementation with memoization (Lookup table) of the twiddle
factors and -O1 flag. With a FFT of input size 524,288, the
optimized code achieves a Greenup, Powerup and Speedup
of 2.98, 0.54 and 5.5 respectively. This is clearly a category
1 optimization because the optimized code runs almost 3
time faster, uses half of the power, and saves 5.5 times of
energy in total. To understand the reason behind this significant
improvement, please note that the base version calculates
9,961,472 double twiddle factors. The optimized version uses
look-up tables by storing pre-calculated values of the twiddle
factors in memory instead of computing them. We calculated
that this program has allocated about 8,192 KB of memory,
which can fit easily on our server’s 20,480 KB L3 cache. Since
the size of the data was able to fit into the cache, we were able
to see a Speedup and a Powerup improvement. Our metrics
have shown us a new way to see software optimization.

While a category 1 optimization might seem very interest-
ing, yet it needs a deep understanding of hardware architec-
ture and programming language aspects. The next FFT size
(1,048,576) still has a Powerup less than one (0.87), another
category 1 optimization. This size uses 16,384 KB of memory,
which is still less than the L3 cache size in our system. For the
next size (2,097,152), the Speedup and Greenup become very
close. As a result, Powerup becomes 0.99. This means that
the same optimization is very close to become a category 2
example. It only saves 1% of total average power compared the



the base version. For all other larger sizes inputs, the Powerup
is clearly larger than 1 by almost 3%, which clearly shows the
impact of using main memory on power consumption even
though we obtained a better Speedup.

D. Reasons To Use Powerup

Suppose we only use the Greenup to evaluate the software
energy efficiency, then Greenup > 1 implies energy saving
and vice versa. However, it is not clear where this energy
saving come from? Since energy is the product of runtime
and average power, it is hard to tell which component is
responsible for the increase/decrease in energy consumption
from Greenup only. Therefore, we need Powerup to measure
the impact of the optimization on the power usage inside
the complex hardware components. In our experiments, the
Powerup metric is correlated to changes in average CPU and
DRAM power measurements. Judging energy efficiency from
Greenup only is not effective, as we need Powerup to know the
type of optimization and how it affects the average hardware
power consumption.

E. A Comparison Between Metrics

In Section I, we gave a hypothetical example of EDP vs.
GPS-UP metrics. Here, we present another real example in
Table I. The base case is an FFT implementation in C++ and
using Lookup tables to store pre-calculated twiddle factors.
The processor frequency is 2.6 GHz. It runs for 10.27 seconds
and consumes 425 Joules. The first optimization is the same
as the base case but with -O3 flag activated. It runs for 5.19
seconds and consumes 176 Joules. The second optimization is
the same as the first but with 1.2 GHz processor frequency.
It runs for 7.49 seconds and consumes 171 Joules. Both of
the optimizations are category 1. But notice that optimization
1 consumes less time but more energy than optimization
2. For fair comparison, we can normalize the EDP as the
ratio between EDPoptimization to EDPBase. The normalized
EDPs of optimization 1 and 2 are very close (0.21 and 0.29
respectively). If we choose the better optimization according
to EDP, we’ll choose optimization 1. But if we are optimizing
for energy not time, then optimization 2 should be better. Here,
EDP does not provide useful insights to the optimization type
as the GPS-UP metrics do.

Let’s consider the example shown in Figure 2 again. It is
noticed that normalized EDP for the smallest size (524,288)
is 0.06 and as the size increases EDP increases accordingly.
Although EDP was able to point out the most energy efficient
implementation (524,288) and the least efficient (33,554,432),
our metrics were able to distinguish between category 1
and category 3. This helps developers to choose the type
of optimization needed and whether they are optimizing for
energy or time, instead of using approximate methods to do so
such as raising the runtime to a power of n in EDP calculations.
It is clear that our metrics distinguish energy and performance
optimizations, while the EDP cannot. In section V-G, we will
study an example of DVFS and further compare the EDP and
GPS-UP metrics.

V. EXPERIMENTS AND CATEGORIES EXAMPLES

In this Section, we show examples for every category.
Our methodology starts with having 2 versions of the same

algorithm. We run them enough number of times to make sure
we eliminate any outliers, while measuring the runtime, CPU
and main memory total power dissipation. Finally, we calculate
Greenup, Powerup and Speedup to analyze the results. We have
shown results for FFT and omitted some results of Towers of
Hanoi as they are similar.

A. Experimental Environments and Power Measurement

All experiments presented in this paper are executed on
a node of the Marcher system, which is provided as part of
the NSF funded Marcher project [11]. Marcher is a power-
measurable heterogeneous cluster system containing general-
purpose multicores, GPU K20 accelerators and Intel Xeon
Phi (MIC) coprocessors, as well as DDR3 main memory and
hybrid storage with hard drives and SSDs. A Marcher node
contains two Intel Xeon E5-2670 processors with a total of
16 cores, 32GB of DDR3 MEM, 160GB of SSD, 1TB of
SATA hard drives and a GPU or Intel Xeon Phi acceleration
card. Marcher is equipped with complementary, easy to de-
ploy component-level power measurement tools for collecting
accurate power consumption data of all major components
(e.g. CPU, DRAM, Disk, GPU, and Xeon Phi). All power
results presented in this paper are generated by querying
the Intel Power Governor (power gov) [16] library installed
on a Marcher node. Intel Power Governor (power gov) is a
software utility that allows developers to measure power on
Intel Xeon E5 series processors. Intel Power Governor allows
us to measure power consumption on various components of
a system. We are primarily interested in CPU and DRAM
power. Although Marcher can also provide disk power, we
do not include it because the selected applications are not I/O
intensive therefore disk power remains identical most of the
time. Our programs are run on the Intel Xeon Processor E5-
2670 that has 20 MB cache, and a base frequency of 2.6 GHz.

B. Category 1 Example and Discussion

We present 2 examples of category 1, a serial FFT algo-
rithm implemented in C language and with Look-up table for
twiddle factors while using the -O1 optimization flag. The
second is a Towers of Hanoi C++ iterative -O3 optimized
program.

In section IV-C, a category 1 example was found. It
occurred when the input size was small enough to fit into
the cache. At size 524,288, this version had a Greenup (5.52)
larger than Speedup (2.98). The same case applies to the bigger
size (1,048,756) with a Powerup less than 1. This emphasizes
the power saving benefits of carefully utilizing cache size of
the system and the chunk size of data accessed by the loops
to minimize cache miss rate.

In Table II we demonstrated 18 different versions of FFT,
where the green color depicts the category 1 examples. As we
mentioned before for C and C++, the first size (219) is category
1 for all C and C++ implementations except -O2 C language
implementation, with a much lower Powerup for the look-up
table versions. The second size (220), only the look-up table
version is category 1, the rest is category 2 or 3. This clearly
shows how memoization benefits the performance when the
ratio of floating point operations to the ratio of main memory
access is higher. In this example, the less main memory a
program utilizes, the more power we save.



FFT Size Base Runtime
[s]

Base Energy
[J]

Optimization
Runtime [s]

Optimization
Energy [J] Speedup Greenup Powerup EDP%

524,288 0.54 188.59 0.18 16.45 2.98 5.52 0.54 0.06
1,048,576 1.27 501.65 0.48 16.45 2.64 3.05 0.87 0.12
2,097,152 4.47 1,822.01 1.99 80.57 2.24 2.26 0.99 0.20
4,194,304 10.33 4,199.91 4.63 193.14 2.23 2.17 1.03 0.21
8,388,608 22.31 9,080.24 10.13 424.44 2.20 2.14 1.03 0.21
16,777,216 47.30 19,255.40 22.07 928.36 2.14 2.07 1.03 0.23
33,554,432 101.46 41,329.38 48.78 2,048.33 2.08 2.02 1.03 0.24

(a)

(b)

Fig. 2. GPS-UP metrics for different input sizes of 2 Fast Fourier Transform versions. The base version is the FFT C implementation, and the optimized
version is the FFT C implementation with memoization (Look-up table) for twiddle factors while using -O1 optimization flag. The x-axis is the FFT Size.

Runtime [s] Energy[J] Speedup Greenup Powerup Category EDP EDP %
FFT C++ LUT
@ 2.6 GHz 10.27 425 1 1 1 Base 4,365 1

FFT C++ LUT -O3
@ 2.6 GHz 5.19 176 1.98 2.42 0.82 C1 914 0.21

FFT C++ LUT -O3
@ 1.2 GHz 7.49 171 1.37 2.49 0.55 C1 1,277 0.29

TABLE I. A COMPARISON BETWEEN GPS-UP AND EDP. 3 VERSIONS OF FFT LOOKUP TABLE OF SIZE 419,430.

The second example is found in the Towers of Hanoi
example (as shown in Table III). While taking iterative C
implementation as the base code and comparing it to its -
O3 optimized version, we notice a 6% saving in Powerup
(94%). This is because the -O3 flag performs all optimizations
of -O2 and adds more s, that include loop unrolling, function
inlining, merging identical variables, reordering instructions by
overlapping different iteration, to name a few. Some optimiza-
tions improve performance and some don’t. Therefore, it is
recommended to try all the optimization flags and see which
one performs better.

C. Category 2 Examples and Discussion

The example of this category would be an optimization that
runs faster without a significant change in power consumption
(i.e. Powerup is equal to 1). In Table II, seven category
2 examples (colored in yellow) are found in the transition
between the input size that fits in the cache (220) and the input
size that is larger than cache (221). This means that FFT is a
CPU intensive application, where the relation between time
and energy is linear. When the input size becomes too large,
this ratio starts to increase due to increased memory usage.

The towers of Hanoi application in Table III is also a CPU
intensive application. The three category 2 examples are: C++
iterative with -O2 flag, C++ recursive, and Java recursive. We

observe that Java code runs more than 2 times faster than the
C++ versions. This indicates that the Java Virtual Machine’s
(JVM) energy cost is minimal thanks to optimizations and
code predictions in JVM. One such optimization that is used
in our Towers of Hanoi implementation is Just-in-time (JIT)
compilation in the JVM. Suns JVM combines both interpre-
tation of byte code and JIT compilation. The Java byte code
is initially interpreted, and if portions of the code are being
frequently executed, the JVM compile these portions to native
code. In our algorithm, the recursive version clearly outlines
repetitive code that the JVM detects and compiles to native
code at runtime (JIT compilation)[18].

D. Category 3 Examples and Discussion

This is a common category to occur in software op-
timization. The program runs faster but the Powerup also
increases. We demonstrate two examples: a serial examples
(FFT) and a parallel example (Shellsort). In Table II the
Powerup might increase from 2-3% like the different C and
C++ implementations, or increase from 19-73% like in Java
Look-up Table versions. This increase in Powerup (especially
for the Java version) in the recursive version can be attributed
to the heavy stack usage of the recursive function calls. In
the Java Look-up Table version, the Speedup does not remain
constant w.r.t. input size like in the C version. On the contrary,
the larger the input size, the less Speedup we obtain. This is a



Size 524,288 1,048,576 2,097,152 4,194,304 8,388,608 16,777,216 33,554,432
Algorithm Version S P S P S P S P S P S P S P
C 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
C O1 1.47 0.91 1.22 1.03 1.68 1.01 1.78 1.02 1.78 1.02 1.74 1.02 1.71 1.02
C O2 1.62 1.07 1.24 1.02 1.69 0.99 1.79 1.01 1.80 1.02 1.76 1.03 1.74 1.02
C O3 1.53 0.96 1.24 1.00 1.7 0.98 1.79 1.01 1.79 1.02 1.76 1.02 1.74 1.02
C LUT 1.92 0.93 1.7 0.98 1.59 1.00 1.56 1.02 1.56 1.03 1.56 1.03 1.54 1.02
C LUT O1 2.98 0.54 2.64 0.87 2.24 0.99 2.23 1.03 2.20 1.03 2.14 1.03 2.08 1.03
C LUT O2 2.85 0.62 2.53 0.95 2.17 1.01 2.14 1.03 2.08 1.02 2.04 1.03 1.98 1.03
C LUT O3 2.85 0.71 2.58 0.97 2.16 1.00 2.13 1.02 2.09 1.04 2.05 1.03 2.00 1.02
C++ 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
C++ O1 2.68 0.85 2.16 1.03 2.38 1.03 2.43 1.01 2.41 1.02 2.38 1.02 2.31 1.03
C++ O2 2.92 0.84 2.17 1.00 2.38 1.02 2.44 1.02 2.41 1.02 2.38 1.02 2.32 1.03
C++ O3 2.73 0.8 2.15 1.01 2.38 1.01 2.43 1.03 2.41 1.02 2.38 1.03 2.32 1.03
C++ LUT 1.45 0.99 1.38 0.98 1.27 1.00 1.25 1.02 1.25 1.01 1.25 1.01 1.24 1.01
C++ LUT O1 4.25 0.58 3.73 0.92 2.84 1.00 2.76 1.03 2.69 1.03 2.64 1.03 2.53 1.03
C++ LUT O2 4.07 0.74 3.55 0.98 2.75 1.00 2.67 1.03 2.59 1.03 2.53 1.03 2.45 1.03
C++ LUT O3 3.99 0.8 3.53 0.94 2.73 1.02 2.67 1.02 2.59 1.03 2.53 1.03 2.46 1.02
Java 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Java LUT N/A N/A N/A N/A 4.2 1.73 2.31 1.32 2.03 1.24 1.84 1.22 1.77 1.19

TABLE II. GPS-UP CATEGORIES FOR 18 FFT VERSIONS. THE BOXES ARE COLORED IN WHITE, GREEN, YELLOW AND BLUE REPRESENTING BASE
CASE, CATEGORY 1, 2 AND 3 RESPECTIVELY. N/A INDICATES THAT THE RUNTIME IS TOO SMALL THAT THE MEASURED POWER IS 0

Algorithm
Version

Runtime
[s]

Total
Energy [J] Speedup Greenup Powerup Category

C++ Iter. 25.92 1280.49 1.00 1.00 1.00 Base
C++ Iter. O2 2.30 113.51 11.27 11.28 1.00 C2
C++ Iter. O3 2.29 106.51 11.35 12.02 0.94 C1
C++ Recur. 2.50 124.91 10.25 10.25 1.00 C2

C++ Recur. O2 1.23 71.67 21.08 17.87 1.18 C3
C++ Recur. O3 1.21 62.18 21.42 20.59 1.04 C3

Java Iter. 88.68 4,901.44 0.29 0.26 1.12 C8
Java Recursive 1.26 114.95 20.55 11.14 1.84 C3

TABLE III. TOWERS OF HANOI WITH INPUT SIZE N = 28 DISCS.

well-known issue when scaling the size of Java applications.
One of the main components of Java applications is the garbage
collector (GC). GC can be a limiting factor in scalability. It
has 2 different types, parallel copying collector and concurrent
collector, where both of these collectors contain stop-the-
world collector phase that pauses the program execution[19].
Therefore, GC causes the program runtime to scale non-
linearly. The larger the input size becomes, the deeper in
category 3 it gets with larger Powerup and less Speedup.

Table IV presents 10 versions of Shellsort parallel imple-
mentation. While taking the 1 core implementation as the base,
we computed the GPS-UP metrics for 2, 4, 8, 16, and 32
cores. As the number of utilized cores increases, more power
is consumed and hence Powerup increases. Most parallel
applications are category 3 as they improve performance and
consume more power due to using more cores. Note that the
processor in system has only 16 cores. So, running at 32
cores activates hyper-threading, which explains the decrease in
Speedup and Greenup and the increase in Powerup compared
to the 16 cores version. In this example, hyper-threading does
not improve energy efficiency.

E. Category 4 Examples and Discussion

In this category, we run our FFT code while reducing the
maximum processor frequency from 2.6 GHz to 1.2 GHz.
This CPU frequency scaling is a form of Dynamic Voltage
Frequency Scaling (DVFS) that hurts performance but the
program runs with less energy consumption than the energy
used in the higher frequency. Note that category 4 is considered
a green category as it saves energy, on the contrary to category
6. In Table V, the only category 4 optimization is the three
C++ optimized versions, where the Speedup is larger than the

Powerup. This shows that C++ optimization flags are more
efficient than C optimization flags.

By observing the FFT C++ implementation with -O3 flag
in Table V, the EDP for the base case at 2.6 GHz is 120,249.
While the EDP for the 1.2 GHz is 178,129. The normalized
EDP of the 1.2 GHz version compared to the 2.6 GHz
version is 1.48. It is well known that larger EDP means worse
efficiency. But although this optimization runs longer, its total
consumed energy is less than the base case. GPS-UP metrics
consider this as a category 4 green optimization, but EDP
considers it as a worse optimization. EDP could not show that
this optimization has an improved energy efficiency (Greenup)
and a worse performance (Speedup) as it fuses the two metrics
on the contrary to GPS-UP metrics.

F. Category 5 Examples and Discussion

We present an example of over-parallelization of the Fi-
bonacci algorithm. As the number of parallel threads increases,
it consumes more energy than the base version. In Table VI,
all parallelization versions are faster than the serial version.
The Greenup is greater than 1 in 2, 4, 8, and 16 threads. In 32
threads the Greenup decreases below 1. Therefore, 32 threads
Fibonacci implementation is considered a category 5 as the
performance degrades due to hyper-threading.

G. Category 6 Examples and Discussion

In Table V, all the versions are category 6 except C++
-O1, -O2, and -O3 which are category 4. Powerup is larger
than Speedup. In those versions the program runs slower but
consumes more energy than the base version at 2.6 GHz.
Therefore, this category is considered energy inefficient. Judg-
ing this category by runtime or EDP will not give us the full
picture of energy savings. Using the GPS-UP metrics helped
to distinguish between category 4 and category 6.

H. Category 7 and 8 Examples and Discussion

These categories occur when the optimization degrades
performance while having a Greenup which is equal to or less
than the Speedup. Category 7 and 8 are the direct opposite
of category 2 and 1 respectively. An example of category 8



Input
Size

S G P S G P S G P S G P S G P S G P
1 Core 2 Cores 4 Cores 8 Cores 16 Cores 32 Cores

500000 1.00 1.00 1.00 1.70 1.45 1.18 2.92 2.13 1.37 4.70 2.75 1.71 6.03 2.95 2.05 2.53 0.95 2.65
1000000 1.00 1.00 1.00 1.72 1.57 1.09 2.98 2.44 1.22 4.82 3.06 1.57 6.66 2.28 2.91 4.01 1.14 3.52

TABLE IV. A CATEGORY 3 EXAMPLE. SHELLSORT’S GPS-UP METRICS FOR DIFFERENT INPUT SIZES AND NUMBER OF CORES.

CPU Frequency 2.6 GHz 1.2 GHz S G P CategoryRuntime [s] Energy [J] Runtime [s] Energy [J]
C 101.30 4,141.88 198.78 4,272.49 0.51 0.97 0.53 C6

C O1 59.14 2,450.99 111.56 2,551.13 0.53 0.96 0.55 C6
C O2 58.41 2,419.88 108.51 2,532.22 0.54 0.96 0.56 C6
C O3 58.50 2,425.83 108.50 2,392.92 0.54 1.01 0.53 C6
C++ 123.81 5,043.22 260.20 5,573.05 0.48 0.90 0.53 C6

C++ -O1 53.51 2,259.56 90.07 2,030.17 0.59 1.11 0.53 C4
C++ -O2 53.36 2,220.34 89.51 1,989.63 0.60 1.12 0.53 C4
C++ -O3 53.42 2,233.53 89.42 1,992.05 0.60 1.12 0.53 C4

Java 143.33 7,888.51 339.27 9,303.68 0.42 0.85 0.50 C6
TABLE V. EXAMPLES OF CATEGORY 4 AND 6. AN FFT IMPLEMENTATION RUN 2.6 GHZ (BASE CASE) AND 1.2 GHZ (OPTIMIZATION).

# Threads Runtime[s] Energy[J] S G P Category
1 43.01 2,708 1.00 1.00 1.00 Base
2 19.17 1,589 2.24 1.70 1.32 C3
4 12.75 1,332 3.37 2.03 1.66 C3
8 13.16 1,590 3.27 1.70 1.92 C3

16 14.60 2,187 2.95 1.24 2.38 C3
32 20.58 3,310 2.09 0.82 2.55 C5

TABLE VI. EXAMPLES OF CATEGORY 3 AND 5. A FIBONACCI
OPENMP IMPLEMENTATION RUN USING 1, 2, 4, 8, 16, AND 32 THREADS.

is found in Table III. Iterative Java implementation of the
algorithm is slower and more energy consumption than its C++
iterative version. This shows how the choice of programming
language affects both Speedup and Greenup of the code. Native
code used in C and C++ is usually much faster than byte code
running on a virtual machine such as Java.

VI. CONCLUSIONS AND FUTURE WORK

This paper presents GPS-UP metrics to analyze the correla-
tions of energy, power and performance when optimizing soft-
ware applications. It categorizes software optimizations into
one of eight categories. We apply this method to 4 applications
and are able to find examples for all eight categories. Among
the eight categories, category 1 is the most desired optimization
for a software application. We demonstrate two examples for
it. We also explore the effect of DVFS on performance in FFT.

We compare the GPS-UP metrics with the EDP metric
and explain why GPS-UP is better than EDP using concrete
examples. We also emphasize the importance of combining
Greenup, Powerup and Speedup in analyzing the impact of
language choices, compilers, and optimization techniques on
runtime and energy consumption of programs. Our future plan
focuses on evaluating the effectiveness of the GPS-UP metrics
on parallel scientific codes that run on hundreds of cores.
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