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Abstract
Machine learning algorithms are usually evaluated and developed in terms of predictive performance. Since these types of algorithms
often run on large-scale data centers, they account for a significant share of the energy consumed in many countries. This position paper
argues for the reasons why developing energy efficient machine learning algorithms is of great importance.

1

Introduction

Machine learning algorithms are becoming more and more
popular due to the availability of large volumes of data and
the advancements in hardware that makes it possible to analyze these data. These algorithms are present in large-scale
data centers, which account for 3% of the global energy consumption1 . This energy consumption needs to be reduced due
to health issues linked to environmental pollution [1]. There
are two ways to address this challenge, either by researching
on how to find new, clean, sources of energy that can provide
enough energy for the population, or to reduce the actual energy consumption of our devices. We center on the second one:
building sustainable and energy-efficient machine learning algorithms.
There is a lot of research conducted in machine learning focusing on improving the predictive performance of algorithms,
but recently researchers are becoming more interested on improving energy efficiency as well. This paper argues for the
reasons why developing energy efficient algorithms in machine
learning is of great importance. We focus on three counterclaims to develop machine learning algorithms considering energy efficiency: i) reducing the energy consumption of machine learning algorithms does not necessarily lead to a reduction of the overall energy consumption, ii) time and energy are
strongly correlated, thus being redundant to measure the energy consumption since time is already measured2 , and iii) it
is complicated to measure energy consumption, thus making it
time consuming and impractical [2].
The rest of the paper is organized as follows: Section 2
provides the background with the terminology and concepts
related to time, energy, and power, together with the related
works. Section 3 explains in detail the counterclaims for studying energy efficiency in machine learning. We address those
counterclaims in Sections 4, 5 and 6. Section 7 portrays some
preliminary results of having measured the energy consumption of a particular algorithm in different datasets. Finally, Section 8 presents the conclusions.

1 http://www.independent.co.uk/environment/globalwarming-data-centres-to-consume-three-times-as-muchenergy-in-next-decade-experts-warn-a6830086.html
2 https://01.org/powertop/overview
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2

Background

2.1 Terminology
All the equations and notation are based on the work by Dubois
et.al [3]. Our scope centers on showing how energy is consumed by an algorithm, presenting the relationship between
energy, time, and the instructions of a program. These instructions are to be optimized towards an overall energy reduction.
Energy (joules) is the product of power (watts) and time
(seconds),
energy = power · time

(1)

energy being the amount of power consumed during a period
of time. Power is a measurement of the rate at which energy is
consumed. Since
dynamic

2
power = C ·Vdd
·f

(2)

Vdd being the voltage, C the capacitance and f the frequency,
we observe that the relationship between time and energy is
nonlinear. Lowering the frequency of the processor leads to
longer executions, but the total energy consumption can be
lower, since Vdd can be reduced at a lower frequency, thus
lowering the power significantly and lowering the energy consumption.
The total execution time of a program (multicycle computer
model) is the multiplication of the number of instructions (IC),
the average number of clock cycles per instruction (CPI), and
clock cycle time (TPC):
T = IC ·CPI · T PC

(3)

The total energy consumed by a program is
E = IC ·CPI · EPC

(4)

where EPC is the energy per clock, and it is defined by integrating the power over a period of time, thus,
EPC =

1
2
·C ·Vdd
2

(5)

EPI = CPI · EPC, where EPI is energy per instruction. CPI
represents the number of clocks needed to execute an instruction. The key is that CPI is different for the types of instructions, thus, there are certain instructions that need more CPI
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than others. For instance, a load instruction has a higher CPI
than an ALU instruction. A way to optimize a program to consume less energy and to take less time is to use more instructions with a lower CPI and less instructions with a higher CPI.

2.2

Related Work

Energy consumption has been widely studied for many years
in the computer engineering community, focusing on designing processors that consume very little energy using Dynamic
Voltage Frequency Scaling (DVFS) and on some other power
saving techniques [4]. Regarding software, green computing
has been introduced as a field that studies ways to address software solutions from a green, sustainable, and energy efficient
perspective. Many companies are also starting to be concerned
with the energy consumption of their computations3 . Based on
these works, we can observe how there is a trend in building
energy efficient software [5, 6, 7].
In relation to machine learning, a concern for building energy efficient algorithms is increasing in the community. For
instance, in a panel discussion during the 2016 Knowledge
Discovery and Data Mining conference held in San Francisco4 ,
there was a very interesting discussion between key researchers
in the field addressing which steps should be taken to make
algorithms more energy efficient. They centered in the deep
learning field, since these algorithms are particularly computationally expensive [8]. Autonomous cars is a field that is
directly connected to machine learning and energy efficiency.
Autonomous cars often rely on deep learning algorithms, and
since most of these cars are powered by batteries, it is important to build accurate models that consume lower amounts
of energy than what is currently the case. There is already a
research group making deep neural networks energy efficient
while maintaining the same levels of accuracy [9].

3

Counterclaims

There are several aspects to consider related to developing energy efficient machine learning algorithms. The scope of this
position paper centers in three counterclaims: i) reducing the
energy consumption of machine learning algorithms does not
necessarily lead to a reduction of the overall energy consumption, ii) time and energy are strongly correlated, thus being
redundant to measure the energy consumption since time is already measured, and iii) it is complicated to measure energy
consumption, thus making it time consuming and impractical.
Overall energy reduction
The first concern is that even if we spend tremendous efforts
on both reducing the energy consumption of algorithms and
studying machine learning from an energy efficient perspective, this does not necessarily lead to a significant reduction
of energy. For instance, if the algorithms that we are studying are hardly used on large-scale platforms, optimizing their
energy consumption will have no impact on the worlds energy
consumption. So the focus should be to reduce the energy in
those algorithms that are being used daily, on large-scale data
centers, and by different applications.
3 https://deepmind.com/blog/deepmind-ai-reduces-googledata-centre-cooling-bill-40/
4 http://www.kdd.org/kdd2016/
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Correlation between time and energy
The second counterclaim centers on the fact that in many cases
energy and time can be so strongly correlated that measuring the energy consumption of algorithms is a waste of resources, since we already have that information from the execution time5 . Adding the energy consumption variable to the
algorithm design process might just create an overhead on the
time to publish and release such an algorithm, since it is not so
straightforward to measure energy consumption, which leads
to the last counterclaim.

Measuring energy consumption
Measuring energy consumption can be quite troublesome due
to the unavailability of tools that can give an accurate approximation of the energy [2]. Some tools are based solely on statistical modeling which are based on the usage of the CPU.
Again, giving energy results that are correlated with time.
Based on this, it can be unfeasible to try to understand how
energy is consumed in an algorithm.

4

Impact on overall energy consumption

For the counterclaim: reducing the energy consumption of machine learning algorithms does not necessarily lead to a reduction of the overall energy consumption to be true, one of
the following two claims need to be satisfied: i) that machine
learning algorithms are hardly used in data centers, and that
most of the energy consumption of those centers is due to other
reasons, ii) that modifying these algorithms does not output a
significant difference in terms of the energy consumed.
We can observe how many companies are building artificial intelligence (AI) solutions based on machine learning algorithms in their applications. Facebook has an AI research
lab (FAIR)6 that is applying machine learning to enhance the
user experience, with applications that go from face detection to search similar multimedia documents in a database.
Google has several research divisions, such as Google Brain
and Google Deep Mind, centered in machine learning. This
pattern occurs in many other companies, Amazon, Yahoo, etc.
Since machine learning solutions are present in these companies, which generate a high percentage of the total Internet traffic, we believe that machine learning algorithms are frequently
being used in large-scale data centers.
Addressing the second point, we have already published
some work that shows how energy consumption can vary depending on how an algorithm is programmed [10]. In Section 7 we show some results of running an algorithm in different datasets, and the difference in energy consumption.
With the increased interest that machine learning is having
in the top companies which govern the Internet traffic, even
a small reduction of the energy consumption of an algorithm
will have a great impact on the overall energy consumption at
a global scale.
5 https://01.org/powertop/overview

6 https://research.fb.com/category/facebook-ai-researchfair/
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5

Correlation between energy and time

From Eq. 1 we can see that time and energy are directly
connected through power. While time gives an overview of
the efficiency of a computation, energy gives a more detailed
overview into this matter. Measuring energy consumption can
be a complement to measuring only time. If the execution of
algorithm A is longer than the execution of algorithm B, that
does not necessarily lead to a higher energy consumption by
A compared to B. These algorithms could run in a cellphone,
and the battery consumed by B could be higher. The reasons
behind this is Eq. 2, and the main reasons behind DVFS. Reducing the frequency of the processor for a specific process
can reduce Vdd , thus significantly reducing the power. While
reducing the frequency might make the process run for longer,
the total energy consumed could be less.

6

Measuring energy consumption

At the moment it is not straightforward how to measure the
energy consumption of software. Some researchers have built
energy models for specific algorithms [9] and others use statistical tools based on the CPU usage [11].
We proposed a methodology to measure the energy consumption at a fine-grained level of machine learning algorithms
in a previous publication [12]. In such publication we used
a tool based on statistical models. In this section we focus
on describing how to measure the energy consumption with
Sniper [13] for each function of the algorithm. We focus on
analyzing the energy consumption of each function to understand where exactly is the energy hotspot of the algorithm.
Sniper7 is an x86 simulator that can run an algorithm and,
with the use of McPAT8 (integrated in Sniper), output the energy consumed by the algorithm giving an overview of the instructions responsible for that. Some examples are given in
Section 7.
In order to measure the energy consumption with sniper, we
need to inject the code of the algorithm with markers around
those functions or regions of interest where we would like
a detailed energy measurement9 . This is done by including
SimMarker() calls around those functions. The algorithm is
then compiled, and inserted in the sniper run, with the roi
(region of interest) option activated, so that it takes into considerations the markers, saving statistics at every step. Once
the execution is finished, we get an overview of the energy and
power consumption by calling McPAT, using a script provided
by sniper, and passing the different markers of the functions
as parameters. In order to get the energy consumption of every function call, we need to have a different marker name for
each call, otherwise we will only be able to extract the energy
consumption from one function call.

7

Figure 1: Energy consumption of the VFDT. Dataset = 1 million instances, 5 numeric and 5 nominal attributes.

7.1 Algorithm
The algorithm profiled is the Very Fast Decision Tree
(VFDT) [14]. VFDT is a decision tree algorithm able to analyze data from a stream, in an online fashion, thus updating
the model as the data arrives, not saving any data and reading
it only once. It outputs competitive predictive performance results in comparison to standard offline decision tree algorithms,
while being able to handle large amount of data. VFDT reads
each instance once by once, and then updates the statistics of
the attributes and the classes seen at each node. Once enough
examples are seen at a specific node, if there is a clear attribute
that has a higher information gain in comparison to the others,
that attribute becomes a new node on the tree, and a split is
made. This process is repeated until there is not more data in
the stream.

7.2 Datasets

Experiment

This section shows the energy consumption of three different
runs of the same algorithm under three different datasets. The
goal is to show how can energy vary depending on the type
of execution, and the type of results obtained from measuring
energy consumption with sniper.
7 http://snipersim.org/w/The_Sniper_Multi-Core_Simulator
8 http://www.hpl.hp.com/research/mcpat/

9 http://snipersim.org/w/Multiple_regions_of_interest
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Figure 2: Energy consumption of the VFDT. Dataset = 100k
instances, 50 numeric, 50 nominal attributes.
In order to get a general overview of the energy consumed by
the VFDT, we run the algorithm under three different datasets.
The first one had 1,000,000 instances, 5 numeric attributes and
5 nominal attributes. The second one had 100,000 instances,
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Table 1: Results from executing the VFDT on three setups, generated with the random tree synthetic generator [17]
Nom=Nominal attributes, Num=Numeric attributes.
Setups Instances Nom Num Energy (J)

Figure 3: Energy consumption of the VFDT. Dataset = 100
thousand instances, 50 numeric attributes.
50 numeric attributes and 50 nominal attributes. The third one
had 100,000 instances and 50 numeric attributes.
The goal was to test how energy varied in datasets with different number of attributes and instances, to try to generalize the energy consumption behavior of the algorithm. Keeping track of numeric attributes can be very troublesome, usually needing more energy than for nominal attributes. VFDTc
was an update made to VFDT that could handle numerical attributes [15].

7.3

Results

Table 1 shows the energy consumed by running VFDT on the
three datasets. We observe that there is a significant difference
between the energy consumed from the three datasets. Interestingly, although D2 and D3 contain less instances than D1, they
consume more energy, since they have more attributes. From
the results, we can see that having more attributes consumes
more energy than having more instances. D2 has 10 times
less instances and 10 times more attributes, and it consumes
1.67 times more energy. D3 shows how expensive it is to analyze numeric attributes. Since basically, the only difference
from D2 and D3 are 50 nominal attributes, and the difference
is 85.16 J. Adding 50 nominal attributes is only 85.16 J, while
the rest is spent on reading the data and analyzing those numeric attributes. One possible way to optimize VFDT in terms
of energy consumption is to see which method is best to handle
numeric attributes [16].
Figures 1, 2, and 3 show the total energy consumed in those
three executions, specifying which instructions are consuming
that energy. We can observe that they follow similar patterns,
and that most of the energy is consumed due to RAM and cache
accesses.

8

Conclusion and Future Work

This position paper argues for the importance of developing energy efficient machine learning algorithms. We address three
counterclaims: i) reducing the energy consumption of machine
learning algorithms does not necessarily lead to a reduction
of the overall energy consumption, ii) time and energy are
strongly correlated, thus being redundant to measure the energy consumption since time is already measured, and iii) it
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is complicated to measure energy consumption, thus making it
time consuming and impractical.
We argue that reducing the energy consumption of machine
learning algorithms will have an impact on the overall energy
consumption, since the top companies responsible for most of
the Internet traffic are using these type of algorithms. Examples are: Facebook’s AI research lab, and Google Brain
and Google Deep Mind. Moreover, although time and energy
are related, measuring energy consumption can offer a unique
overview on top of measuring time, since there are cases where
the execution time of an algorithm can be longer but the energy
consumption lower (for example when using DVFS). Finally,
although measuring energy consumption can be complicated,
there are some solutions that can model the energy consumption of different algorithms [8]. In Section 6 we presented an
approach to measure the energy consumption at the function
level of any algorithm using the x86 simulator Sniper. The
study concludes with an experiment where we show the energy consumption of a online decision tree under three different datasets.
The planned future work is to investigate the key operations
that can reduce the overall energy consumption of different algorithms, together with a generic understanding of the energy
complexity of decision trees.
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