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Abstract: Accurate energy profiles are essential to the optimization of parallel applications for
energy through workload distribution. Since there are many model-based methods available for
efficient construction of energy profiles, we need an approach to measure the goodness of the profiles
compared with the ground-truth profile, which is usually built by a time-consuming but reliable
method. Correlation coefficient and relative error are two such popular statistical approaches, but they
assume that profiles be linear or at least very smooth functions of workload size. This assumption
does not hold true in the multicore era. Due to the complex shapes of energy profiles of applications
on modern multicore platforms, the statistical methods can often rank inaccurate energy profiles
higher than more accurate ones and employing such profiles in the energy optimization loop of an
application leads to significant energy losses (up to 54% in our case). In this work, we present the
first method specifically designed for goodness measurement of energy profiles. First, it analyses the
underlying energy consumption trend of each energy profile and removes the profiles that exhibit a
trend different from that of the ground truth. Then, it ranks the remaining energy profiles using the
Euclidean distances as a metric. We demonstrate that the proposed method is more accurate than the
statistical approaches and can save a significant amount of energy.

Keywords: energy efficient computing; accurate energy modelling; green computing; similarity
matching; pattern recognition; anomaly detection

1. Introduction

Energy is identified by the International Energy Agency (IEA) as a major contributor to climate
change [1,2]. Energy efficiency is central to the efforts of IEA to combat climate change [3]. Information
and communications technology (ICT) systems and devices are predicted in the worst-case scenario to
use up to 51% of global electricity in 2030 and contribute up to 23% of globally released greenhouse
gas emissions [4]. Therefore, energy efficiency in ICT is becoming a grand technological challenge and
is now a first-class design constraint in all computing settings [5,6].

Energy efficiency in ICT can be achieved at the hardware level (or system level) and software level
(or application level). While the system-level energy optimization approach focuses on minimizing
the energy consumption of the whole node by employing techniques such as clock and power gating,
dynamic voltage, and frequency scaling, etc. [7–9], application-level energy optimization techniques
use application-level models and model variables such as workload distribution, number of processes,
number of threads, etc. [10,11] as decision variables for energy optimization of applications.
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Accurate energy profiles as functions of the workload are essential to the optimization of parallel
applications for energy through workload distribution [12]. There are many model-based methods
for efficient construction of energy profiles but none of them is accurate in all situations. Therefore,
to pick the best method in a given situation, we need a way to measure the goodness of energy profiles
produced by different methods when the ground-truth profile, often built by a time-consuming and
expensive but reliable method, is available. We define the goodness as the accuracy of a profile against
the ground truth profile. Here, the ground-truth refers to the baseline profile or the reference value for
the comparison. State-of-the-art but inaccurate energy measurements used in energy optimization of
applications can result in significant energy losses [13], up to 84% in some real-life settings [14].

Pearson correlation coefficient [15] and average prediction error (also known as relative error) [16]
are the most commonly used statistical measurements to determine the accuracy of energy profiles.
A plethora of research work including [5,13,14,17–19] use average, maximum and minimum prediction
errors to determine the accuracy of energy profiles. References [20–23] are some of the notable works
which used the correlation coefficient to determine to determine whether the energy profiles follow the
ground truth.

However, there are research works questioning the effectiveness of both techniques for using
goodness measurement of energy profiles. For example, Rico-Gallego et al. [24] argue that the relative
error is lower for a profile that underestimates than for a profile that overestimates, and thus can
negatively impact the interpretation of the results. Similarly, Fahad et al. [13] demonstrate that the two
statistical measures do not capture the holistic picture of the energy consumption trend of the profiles,
and thus are blind to the qualitative differences of the energy profiles and the ground truth.

In general, both popular statistical techniques are highly sensitive to outliers and rely on the
assumption of linear or smooth increase of energy consumption by applications with the increase of
workload. However, the energy profiles of applications on modern multicore platforms are highly
non-smooth and non-linear. Therefore, the existing statistical measures can rank an inaccurate energy
profile higher than accurate ones. The reason is two-fold. First, in the presence of significant variations
in the energy profiles, they do not capture the difference in the general trend of energy consumption.
Second, they do not capture the similarities in variations.

While the general direction of energy profiles of applications on multicore platforms is reported as
a near-linear increasing function of workload size, the shape of the profile can be highly non-linear and
non-smooth [11]. We distinguish the terms trend and shape using the following example. Consider the
sample energy profiles shown in Figure 1. The general direction of all three profiles, which represents
the underlying energy consumption trend, is increasing with the increase in workload. However,
their shapes are different. The energy profile Model1 is linear whereas the shapes of Real and Model2
are non-linear and non-smooth.
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While the goodness measuring problem is comparatively less studied for the energy of computing,
a plethora of methods have been proposed to solve this problem in many other fields such as data
mining, time series similarity analysis, and graph (matching) theory. Popular similarity measures
for pattern matching are cosine similarity [25], dynamic time warping [26], angular metric for
shape similarity (AMSS) for time series data [27], and autoregressive integrated moving average
(ARIMA) method [28–32]. Distance metrics used to determine the pattern matching include Euclidean
distance [33–35] and graph-edit-distance (GED) [36]. We provide a brief overview of the popular
approaches in these faculties and why they are not applicable straightforwardly for determining the
goodness of energy profiles in the Supplementary Materials [37].

To summarize, there is no effective metric to measure the goodness of energy profiles. In this
work, we present a novel methodology called trend-based similarity measure (TSM) of energy profiles,
which measures the similarity between a given energy profile and the ground truth. TSM is designed to
capture the underlying energy consumption trend of the profiles and is composed of the following four
stages: (i). The regression model of the energy profile is learned, (ii). The regression fits of this energy
profile and the ground truth are compared to determine if they exhibit the same trend, (iii). If they do
not, then the energy profile is branded fundamentally inaccurate; (iv). If they do, the distance between
the regression models of the energy profile (that follows the same trend-line as of the ground truth) and
the ground truth is determined using Euclidean distance as a metric of goodness of the energy profile.

To the best of our knowledge, this is the first work to estimate the goodness of energy profiles
by taking into consideration the qualitative difference of the underlying energy consumption trends.
Additionally, unlike other statistical methods used for goodness estimation, it uses the Euclidean
distance metric for quantitative estimation of similarity between non-linear and non-smooth profiles,
increasing the accuracy of estimation. We compare TSM with popular approaches such as Euclidean
distance, average and maximum prediction errors, and correlation coefficient for a diverse set of
235 application energy profiles obtained on multicore heterogeneous hybrid computing platforms
using three popular energy measurement approaches (i). System-level measurements using power
meters, (ii). Integrated on-chip power sensors, and (iii). Energy predictive models. It is shown
that the popular statistical approaches do not capture the underlying energy consumption trend and
thus erroneously rank an inaccurate energy profile as better than more accurate ones in some cases.
We demonstrate that using inaccurate profiles, obtained with state-of-the-art measurement tools, in
energy optimization loop may lead to significant energy losses (up to 54% in our case). We find TSM
to be more effective when employing in the energy optimization loop than the popular statistical
approaches. In summary, the main contributions of this work are:

1. A novel methodology to measure the similarity between an energy profile and the ground
truth. To the best of our knowledge, the proposed methodology is the first work that takes into
consideration the qualitative differences of the energy consumption trend of the profiles and
ranks the energy profiles based on their similarity with the ground truth.

2. An experimental validation of the proposed methodology for a diverse set of 235 application
energy profiles on modern multicore hybrid heterogeneous computing platforms.

3. A comprehensive comparative analysis of the proposed methodology with popular statistical
approaches such as correlation, average error, and Euclidean distance, which are commonly used
to compare the accuracy and similarity of energy profiles as well as time series of equal lengths
in general. We demonstrate that all three statistical approaches fail to capture the qualitative
difference of an energy profile and the ground truth, and thus fail to distinguish the energy profiles
based on their energy consumption trend. Therefore, they can mislead to consider as similar the
energy profile whose energy consumption trend is different from that of the ground truth.

4. We demonstrate how the proposed methodology can help in determining whether the energy
model that is used to construct the energy profile, includes an extraneous contributor that does
not reflect the energy consumption by the application, or it lacks some essential contributor to
energy consumption by the application.
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5. We compare the effectiveness of our proposed method with state-of-the-art statistical approaches
for energy optimization. We demonstrate that the use of the state-of-the-art instead of TSM in the
energy optimization loop leads to significant energy losses (up to 54% in our case).

The rest of the paper is organized as follows. We present the proposed solution method in Section 2.
The experimental results and a general discussion are presented in Section 3. Finally, we conclude the
paper in Section 4.

2. Materials and Methods

This section is organized as follows. We start with the formulation of the goodness measuring
problem for energy profiles which are constructed using different energy estimation approaches.
We then give an overview of the state-of-the-art goodness of fit techniques followed by a study on their
inadequacies to determine the goodness of energy profiles of the applications executing on multicore
computing platforms. Then, we describe our proposed solution method TSM. Finally, we explain the
experimental platform, the dataset of applications used in this work, and the experiment methodology
used to validate TSM.

2.1. Goodness Measuring Problem Formulation

Accuracy or goodness of energy profiles of an application can be defined as the degree to which
the energy consumption data of the methods which are employed to produce these profiles, conform
to the ground truth. Hence, the similarity of an energy profile with ground truth is also implicitly
determined when calculating its accuracy. An energy profile of an application is represented as a
function of workload size. We define the goodness as a measure that provides an absolute value of
resemblance between two vectors (ground truth and an energy profile) in a solution space (i.e., set of
energy profiles (EPS) of an application).

Goodness Measuring Problem: Consider an energy profile E(A) of an application A given by a
discrete set, E(A) =

{
e(x1), e(x2), . . . , e(xn)

}
where e(xi) i ∈ {1, 2, · · · , n} is the energy consumption by

the workload size xi. Let there be m energy profiles of the same application A for the same range of
problem sizes constructed with different energy measurement approaches. Let EPSA denotes the set of
energy profiles of an application A. Then, the problem is to find the best energy profile in EPSA which
has maximum resemblance with ground truth among all energy profiles.

2.2. Challenges With State-of-the-Art Practices to Measure the Goodness of Energy Models

Multicore architectures are now prevalent in all computing settings ranging from a handheld
mobile device to HPC computing platforms and supercomputers. However, the advent of the
multicore era has also introduced several inherent complexities, which are severe contention for shared
on-chip resources due to the tight integration of tens of cores, non-uniform memory access (NUMA),
and dynamic power management (DPM) of multiple power domains such as CPU sockets, Dynamic
random-access memory (DRAM). The functional relationships between the energy and workload
size have complex (non-linear and non-smooth) properties on modern multicore CPUs. Profile-based
energy optimization algorithms [11,12] leverage the profile variations to find energy-efficient workload
distributions. At the same time, the state-of-the-art statistical approaches consider energy profiles
as linear or smooth functions of workload sizes to find their goodness. The failure of capturing the
qualitative differences in energy profiles can drastically affect the energy optimization efforts and can
cause significant energy losses [13,14].

We present two case studies to highlight the inadequacies of state-of-the-art statistical approaches.
The first is based on the results of [13]. Consider an energy profile of multiplication of two dense N × N
matrices on an Intel Haswell server comprising of two CPU 12-core sockets, using Intel Math Kernel
Library routine to compute the Double-precision General Matrix Multiplication (MK-DGEMM) routine
(see Figure 2). We run two MKL-DGEMM routines in parallel on both sockets. Each routine solves a



Energies 2020, 13, 3944 5 of 22

different workload size (N × N). For the first socket, the workload size ranges from 10,000 × 10,000 to
14,928 × 14,928 with a constant step size of 64. For the second socket, the range is from 15,000 × 15,000
to 19,928 × 19,928 with a constant step size of 64. The x-axis in the Figure 2 shows the workload sizes
for socket1. We measure the total dynamic energy consumption by these two parallel workloads using
Intel Running Average Power Limit (RAPL) [38] and HCLWattsUp [39]. The HCLWattsUp Application
Programming Interface (API) provides system-level power measurements using external power meters,
which is the ground truth.
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(RAPL) on HCLServer01.

RAPL always reports less the dynamic energy consumption, resulting in the average and maximum
errors of 64% and 69% respectively. The Euclidean distance of 92,104 between these profiles is large, but
there exists a strong positive correlation of 0.97 between them given by the Pearson correlation coefficient.
Despite the strong positive correlation, the profiles disagree on energy consumption behavior for
almost 50% of the data points. For example, for data points (N) {10512,11152,11984,12624,13712},
HCLWattsUp reports a percentage decrease of {8,5,3,2,6} in dynamic energy consumption with respect
to immediately preceding data points. In contrast, RAPL reports a percentage increase of {8,14,9,13,13}.
Similarly, while HCLWattsUp suggests a percentage increase for data points {12944,13328,13584,13968}
by {3,7,8,3}, RAPL suggests a decrease of {9,7,8,8}.

Furthermore, although both profiles exhibit an overall rising trend of energy consumption,
the degrees of the slopes are significantly different. The divergence between the profiles increases with
the increase in workload sizes. All three statistical measurements fail to capture this behavior.

The high positive correlation coefficient between the profiles indicates that the RAPL profile can
be calibrated. Hence, its average and maximum errors can be reduced to 18% and 59% from 64%
and 69% respectively by calibrating the RAPL readings with respect HCLWattsUp (using a constant
positive offset). The Euclidean distance will also be reduced from 92,104 to 26,502 after calibration.
However, the calibration does not improve the overall qualitative difference in energy consumption
behavior. The overall energy consumption trend remains different after calibrating RAPL readings.
It suggests that the correlation coefficient, average error, and Euclidean distance are not sufficiently
accurate measures for comparing the similarity of energy profiles.

The next case study demonstrates that a non-similar energy profile used as an input to an energy
optimization algorithm can cause significant energy losses. In Figure 1, two sample energy profiles are
compared against the ground truth (labeled Real). The average errors of profiles Model1 and Model2
against the ground truth are 62% and 64%. The Euclidean distance between profiles Model1, Model2,
and the ground truth is 18,108 and 33,550. Model1 and Model2 are equally strongly correlated with the
ground truth with the correlation coefficient equal to 0.91.
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While Model1 is ranked better than Model2 by both the Euclidean distance and average error,
it exhibits different energy consumption behavior for more than 40% of data points as compared with
ground truth. Hence, it causes a significant loss of energy when input to the energy optimization
algorithm [12], which employs the workload size as the decision variable for energy optimization of
an application. For example, Model1 only provides 21% of workload distributions that are the same
as those provided by ground truth when used as an input to this algorithm for energy optimization.
In contrast, Model2 provides the same workload distributions as of the ground truth for 79% of problem
sizes despite its higher average error and greater Euclidean distance. Therefore, Model2 is better than
Model1 for the use in energy optimization or energy consumption analysis of the application.

Thus, the average error, Euclidean distance, and correlation coefficient are not sufficient to measure
the similarity between energy profiles despite being the most used statistical measures for this purpose.
The average error and Euclidean distance are highly sensitive to outliers and do not capture the
similarity of energy consumption trends. They are also highly sensitive to the transformations such
as uniform amplitude/time scaling, shifting, etc. Pearson correlation coefficient, on the other hand,
assumes a linear relationship between the variables which might not be always true. It can also be
easily misinterpreted as the high correlation coefficient does not necessarily mean a strong linear
relationship or high similarity between two variables. Finally, they can mislead in many cases by
erroneously grading the energy profile the best and causing significant energy losses when used for
energy optimization of an application.

2.3. Trend-Based Similarity Measuring Methodology for Energy Profiles

We now present our solution method called trend-based similarity measure of energy profiles
(TSM) to determine the similarity between the energy profiles and the ground truth. We use the
term “model” to represent the regression model of the energy profile for illustration purposes, unless
stated otherwise.

The inputs to TSM are the precision setting and a set of energy profiles (constructed with different
energy measurement approaches) and the ground truth (EPS). The precision setting is the same as the
experimental settings used to construct the energy profiles of the application. For example, for each
data point in the energy function for an application, we repeatedly execute the application until the
sample mean lies in the 95% confidence interval and a precision of 0.025 (2.5%) has been achieved.
The output of TSM is the ranking of energy profiles based on their distance which reflects their
resemblance with the ground truth.

TSM is composed of the following four stages: (i). The underlying regression model of the energy
profile is learned, (ii). The regression fits of this energy profile and the ground truth are compared
to determine if they exhibit the same trend, (iii). If they do not, then the energy profile is branded
fundamentally inaccurate; (iv). If they do, the distance between the regression models of the energy
profile (that follows the same trend-line as of the ground truth) and the ground truth is determined
using Euclidean distance as a metric of goodness of the energy profile.

2.3.1. Model Fitting

Energy profiles are usually constructed as a function of problem size, CPU threads/cores, or CPU
frequency. The configuration parameters have a strong influence on the overall energy consumption
behavior of the application from the energy profiles. The experimental observation in our previous
studies [13,14] is that the overall trend of the energy profile of an application is a monotonically increasing
function of workload size. Like the energy profiles, their underlying energy consumption trend can be
linear or non-linear, however, the general direction of energy consumption is monotonically increasing.

The authors in [11] also report the same. They find that the dynamic energy profiles of an application
in the single-core era increase monotonically with problem size and are smooth linear functions of
problem size. However, multicore CPUs exhibit inherent complexities including (a) non-uniform
memory access (NUMA); (b) severe contention for shared on-chip resources such as last level cache
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(LLC), interconnect, and DRAM controllers due to tight integration of tens of cores; and (c) dynamic
power management (DPM) of CPU sockets and DRAM. Due to these complexities, while the trend of
the energy profiles is still a monotonically increasing function of workload size, the functional shape is
non-smooth and non-linear.

Therefore, the first step of TSM is based on the regression analysis of the energy profiles to examine
their underlying regression models using the application configuration parameters as predictor
variables to model the energy consumption. We use polynomial regression to model the relationship
between the energy consumption of an application and its configuration parameter.

Polynomial regression fits the relationship between the dependent variable (the energy
consumption) and the predictor variable (the application configuration parameter), as an n-th degree
polynomial. Therefore, it can estimate both linear and non-linear models. For example, the linear
models are fit as polynomial regression of degree 1 whereas the non-linear models are fit as higher
(i.e., greater than 1) degrees of polynomial regression (such as quadratic, cubic, etc.). To facilitate clarity
of exposition, the mathematical form of kth order of polynomial regression model [40] can be stated
as follows:

fE(y) = c0 +
n∑

i=1

cixk
i (1)

where x = {x1, . . . , xn} is the predictor variable; c0 is the intercept; k is the degree of polynomial; and
c = {c1, c2, . . . , cn} is the vector of coefficients (or the regression coefficients). In real life, there usually is
stochastic noise (measurement errors). Therefore, the model can be expressed [41] as

f̃E(y) = fE(y) + ε (2)

where the error term or noise ε is a Gaussian random variable with expectation zero and variance σ2,
written ε ∼ N

(
0, σ2

)
.

In [42], the authors report that the dynamic energy models having a non-zero intercept violate the
basic principle of the theory of energy predictive models for computing. This is because dynamic energy
is consumed by the CMOS component due to the switching activity when executing an application.
There is no switching activity in the absence of workload execution, and therefore the system dissipates
static energy only. Hence, regression models should predict no dynamic energy consumption when
there is no workload. Therefore, to conform to this principle, we force the intercept to be zero while
fitting the regression models.

To choose the order of the polynomial regression model reflecting the best fit, we follow a systematic
approach called the forward selection procedure. In this approach, the models are successively fit in
increasing order of polynomial and the significance of regression coefficients is tested at each step of
model fitting. The order is kept increasing until an F-test for the highest order term is non-significant.
Briefly, the F-test of overall significance indicates whether the regression model provides a better fit to
the data than a model that contains no independent variables. It has the following two hypotheses:
(i). The null hypothesis: It states that the model with no independent variables (intercepts only) fits the
data equal to the regression model, and (ii). The alternative hypothesis: It states that the regression
model fits the data better than the intercept-only model. A regression model is considered as significant
if the p-value of the F-test is less than the significance level (i.e., 95% of the confidence interval or
0.05 level). We find that the first and third-order polynomials fit for all the energy profiles in our
application suite.

We want to emphasize here that the purpose of fitting the regression model is not to build an
offline energy model to predict the energy consumption by employing a predictor variable. Instead,
the regression analysis is performed to examine the underlying model of energy profiles in an EPS to
facilitate the comparison of their energy consumption trend. Therefore, we fit the regression model on
the whole dataset instead of splitting it into training and test datasets.
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2.3.2. The Discrepancy Analysis

In the second step, we compare the regression models of energy profiles in the EPS and the
ground truth. We term this test as the discrepancy analysis. The following conditions must hold for
the regression models of two energy profiles to be ideally alike:

1. The regression models of the energy profile and the ground truth must follow the same orientation.
Both regression models must exhibit the same increase and decrease in the range of all the
data points.

2. The regression models of the energy profile and the ground truth must not intersect at any point.
3. The distance between the regression models of the energy profile and the ground truth must be

the same for the range of all the data points.

All these properties must be satisfied by a regression model to be considered as ideally similar to
that of the ground truth.

Mathematically, the idea can be expressed as the slope and its direction must be the same for
the regression models of an ideally similar energy profile and of the ground truth. The slope and
its direction can be determined by taking the first and second derivatives of the regression models.
Therefore, we compare the first and second derivatives of the regression equations of an energy profile
and the ground truth. While the first derivative indicates whether the energy consumption trend is
increasing or decreasing, the second derivative tells about the shape of the underlying regression
model of the energy function. Two regression models do not follow the same trend if the second
derivative of one of them is positive (greater than zero) and negative (less than zero) for the other one,
or vice versa. However, they follow the same direction if the second derivatives of both regression
models are either positive (greater than zero) or negative (less than zero). The regression models that
do not follow the same direction are classified as opposite and consequently removed from the EPS.

In the next step, we compare the coefficients of the second derivatives of the regression models
that follow the same direction. Two models are considered as same if the difference of coefficients
of their derivatives is within an interval of input precision settings. To illustrate this, consider two
third order (cubic) polynomial regression models r1 and r2. Let r1 is the regression model of the
ground truth. Let the coefficients of the second derivatives of both models are c1 and c2 respectively.
Then, the difference between the coefficients of the second derivatives of both models is calculated as
ε =

∣∣∣(c1− c2
∣∣∣/c1× 100 . Now, if ε lies within the input precision settings, then both regression models

are considered as the same. Otherwise, they are classified as similar.
To summarize, we analyze the qualitative behavior of regression models of the energy profiles and

the ground truth by comparing the derivatives of their polynomial functions. As a result, we classify
the energy models into one of the following three categories:

1. Opposite: The slopes of the regression models of an energy profile and the ground truth are in
the opposite direction. The regression models of an energy profile and the ground truth exhibit
opposite behavior such that one of them is increasing at x and the other one is decreasing with x.
Furthermore, the shape of the regression fit is concave up for one of them and concave down for
the other one.

2. Same: The slopes of the regression models of an energy profile and the ground truth are identically
the same and follow the same direction. This class represents the energy profiles which are ideally
the same to their corresponding ground truths.

3. Similar: The slopes of the regression models of an energy profile and the ground truth are different,
however, they follow the same direction. It indicates that the energy profile is neither the same as
the ground truth nor in the opposite direction to it.

As a result of this step, the energy profiles that have regression fits in the opposite direction to
that of the ground truth are removed from the EPS. Consequently, the resulting EPS contains only the
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same or similar energy models. The goodness of the remaining energy profiles to the ground truth is
quantified in the third step.

2.3.3. The Distance Metric

In this step, we determine the distance between the regression fit of each energy profile and the
ground truth in the remaining EPS. For this purpose, we use Euclidean distance as a distance metric to
establish an absolute value of the distance of the regression fit of each profile and the ground truth.
Because of its triangular-inequality property, Euclidean distance is used to index the model space
which speeds up the search and matching in general, especially for the huge model space. Furthermore,
it helps in ranking the similar profiles based on their distance with the ground truth in an EMS.

Hence, to rank the profiles based on their similarity, first, the Euclidean distance between the
regression models of the profiles and the ground truth belong to the same EPS is computed. Then, the
energy profiles are ranked according to the Euclidean distance between their regression models and
that of the ground truth. The energy profile whose regression model has the least Euclidean distance
with that of the ground truth is considered as the most similar profile in that EPS. The final output of
this step is the sets of the energy profiles with similarity ranks. Two profiles may have the same rank if
their Euclidean distance differs by less than or equal to the input precision.

2.4. Experimental Setup

In this section, we explain the experimental platform, the application dataset used in this work,
and the experiment methodology used to validate TSM.

2.4.1. Experimental Platform and Applications

The dataset used in this work comprises of 235 energy profiles of different application
configurations executed on multicore heterogeneous hybrid computing platforms and constructed
with on-chip sensors, power meters, or energy predictive models employing performance monitoring
counters (PMCs) as predictor variables. The profiles are constructed as the results of the research
works [13,14]. The details on experimental setup, platforms, application suite, configuration parameters,
and the boundary conditions to construct the dataset are presented in the Supplemental Materials [37]
of this work. Briefly here, the application configuration parameters are (a) problem size, (b) number of
CPU threads, or the number of CPU cores. The application suite used to construct the profiles contains
highly optimized memory bound and compute-bound scientific routines and two unoptimized routines.
The optimized routines include matrix multiplication employing DGEMM offered by OpenBLAS
package, matrix multiplication employing DGEMM offered by Intel Math Kernel Library (MKL),
two-dimensional FFT (2D FFT) from FFTW package, 2D FFT from Intel MKL, benchmarks from NASA
Application Suite (NAS), high-performance conjugate gradient (HPCG) from Intel MKL, and stress.
The unoptimized routines are basic matrix multiplication and matrix-vector multiplication.

We employ three nodes for constructing the energy profiles. The first node is HCLServer01.
It has an Intel Haswell E5-2670 multicore CPU containing 24 physical cores with 64 GB DDR4 main
memory. It hosts two accelerators, one Nvidia K40c GPU and one Intel Xeon Phi 3120P. The Nvidia
GPU has 3584 processor cores with 12 GB main memory and memory bandwidth of 549 GB/s. The Intel
Xeon Phi contains 57 processor cores with 6 GB GDDR5 main memory and memory bandwidth of
240 GB/s. The second node is HCLServer02. It contains an Intel Xeon Gold 6152 Skylake multicore CPU
consisting of 22 cores and 96 GB DDR4 main memory. It hosts one Nvidia P100 GPU. The GPU has
2880 processor cores with 12 GB GDDR5 main memory and memory bandwidth of 288 GB/s. The third
node is HCLServer03. It hosts an Intel Xeon Platinum 8180 Skylake multicore CPU having 56 cores
with 187 GB main memory.

A Watts Up Pro power meter is installed between the wall A/C outlet and the input power socket
of a node. The power meters are calibrated periodically using a Yokogawa WT310 power meter,
which is an ANSI C12.20 revenue-grade power meter. The sampling speed of Watts Up Pro power
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meters is one sample every second. The datasheet reported accuracy is ±3%. The unit of measurement
is 0.5 watts.

For the on-chip sensor measurements, we use RAPL [38] to determine the energy consumed
by the application kernels executing on Intel CPUs. For the Nvidia GPUs, NVIDIA Management
Library (NVML) [43] is employed. And for Intel Xeon Phi, the Intel System Management Controller
chip (SMC) [44] (using Intel manycore platform software stack (MPSS) [45]) is utilized. HCLWattsUp
interface [39] is used to obtain the power measurements from the WattsUp Pro power meters. The Intel
MKL installed in the nodes has version 2017.0.2; the CUDA versions present on HCLServer01 and
HCLServer02 are 7.5 and 9.2.148.

The statistical methodology used to obtain a data point reliably using the different tools is
explained in [37]. Briefly, the methodology determines the sample mean (execution time or dynamic
energy or PMC) by executing the application in a loop. The loop is terminated when the sample
mean meets the statistical confidence criteria (95% confidence interval, precision of 0.025 (2.5%)).
The student’s t-test is employed to determine the sample mean. Pearson’s chi-squared test is used to
ensure that the observations follow a normal distribution to satisfy the assumptions of the test.

2.4.2. Experimental Methodology to Validate TSM

We classify our suite of energy profiles (EPS) into the following two groups:

1. Group A (Sets of many energy profiles): Group A comprises of the EPS where there is more than
one energy profile of the same application constructed with different approaches such as on-chip
power sensors, system-level power measurements provided by power meters, etc.

2. Group B (Sets of single energy profiles): Group B comprises of the EPS where only one energy
profile is compared with the ground truth.

For each group, we fit the regression models as n-th order of polynomial for each energy profile and
their corresponding ground truths belonging to the same EPS. To choose the best order of polynomial
approximation, we follow the forward selection procedure as explained in Section 2.3.1. Intuitively,
the polynomial order should be the same for the regression models of an energy model and its
corresponding model of the ground truth belonging to the same EPS. As a result of this sanity check, we
reject the energy functions which have a different order of polynomial as a best fit than the regression
model of the ground truth.

In the next step, we analyze the qualitative behavior of regression models of the energy profiles
and the ground truth by comparing the derivatives of their polynomial functions as explained in
Section 2.3.2. The energy profiles classified as opposite are removed from their respective EPS, as a
result of this step. In the third step, we determine the similarity between the remaining energy profiles
and the ground truth using Euclidean distance. We compare the results of TSM with other statistical
approaches such as correlation, Euclidean distance, and average error to compare the accuracy and
similarity of energy profiles (and for the time series of equal length in general). The Euclidean distance
that is compared with TSM is the distance between the energy profiles and the ground truth. In contrast,
TSM uses the Euclidean distance between the regression models of the energy profiles and the ground
truth in an EPS.

3. Results and Discussion

This section is structured as follows: (i). Comparison of the accuracy of energy profiles determined
with TSM and other popular statistical approaches, (ii). A general discussion on the results obtained
and their interpretation, and finally (iii). Comparison of the effectiveness of TSM with other popular
statistical approaches using a profile-based energy optimization algorithm as a yardstick that employs
the workload size as a decision variable.
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3.1. Experiment Results

Group A (Sets of many energy profiles): The similarity ranking by TSM and popular statistical
approaches for the energy profiles in each EPS that belongs to group A are provided in the
supplemental [37]. One can observe that the correlation coefficient does not always distinguish
much between the energy profiles. Consider, for example, the profiles in EPS DGEMM_EqualLoad.
The profiles RAPL_Parallel and RAPL_Combined both have a correlation of positive 0.9993 with
the ground truth (HCLWattsUp_Parallel). Similarly, the correlation coefficient for RF_Additive and
NN_Additive is 0.9999 with the ground truth in EPS DGEMM_Predictive Models.

Similarly, the average prediction error also misleads in many cases. Consider, for
example, the profiles in EPS DGEMM_EqualLoad. The average prediction error suggests the
HCLWattsUp_Combined as the most similar profile with the ground truth. However, TSM suggests
RAPL_Combined as the most similar, and HCLWattsUp_Combined as the most different among all
three profiles in EPS DGEMM_EqualLoad. A visual illustration of regression models of the profiles
in EPS DGEMM_EqualLoad as presented in Figure 3, also conforms to the TSM. In general, one can
observe that regression models of all three profiles in EPS DGEMM_EqualLoad follow the same pattern
as of the ground truth (HCLWattsUp_Parallel). However, both the RAPL_Parallel and RAPL_Combined
exhibit the closest resembling pattern with the ground truth for the range of all problem sizes as
illustrated in Figure 3b. HCLWattsUp_Combined, on the other hand, exhibits a slightly different
pattern at both ends of data points (that is the range of very small problem sizes and very large problem
sizes) as shown in Figure 3a. Therefore, while it follows the same orientation, it is ranked as the least
similar profile in its EPS.
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However, the similarity results as presented in the supplemental [37] suggest that overall the
Euclidean distance between the energy profiles proves to be more efficient than the correlation
coefficient and average prediction error. In most of the cases, it suggests the similarity ranking in line
with TSM. However, it also misleads in some of the cases. Consider, for example, the similarity ranking
for the profiles in EPS DGEMM_Predictive Models. Euclidean distance between the profiles ranks
LM_additive as the third most similar profile, whereas TSM ranks it as the fifth most similar profile.
Similarly, Euclidean distance between the profiles ranks RF_NonAdditive as the second most similar
in EPS FFT_Predictive Models, whereas TSM ranks it as the third most like the ground truth in its EPS.

It is important to note that the statistical measurements and the metrics do not capture the holistic
picture of the energy consumption trend of the profiles. Consider, for example, the profiles in EPS
DGEMM_AnMoHA. Both the Euclidean distance and average prediction error consider the profiles
Combined_3 and Combined_4 as the third most similar and fourth-most similar profiles with the
ground truth (Parallel). However, one can observe in Figure 4b that the qualitative comparison of
the regression fit of both profiles and the ground truth by TSM suggests them to have a different
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energy consumption trend and thus drop them from the EPS. The correlation coefficient ranks the
profiles in this EPS in line with TSM and ranks them as least similar. But it also does not provide
the details on their qualitative difference of the underlying energy consumption behavior. Similarly,
both the Euclidean distance and average prediction error rank Combined_2 as the least similar profile.
In contrast, TSM ranks it as the third most similar profile.
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Graphical illustration of regression models of the profiles in EPS DGEMM_AnMoHA as presented
in Figure 4 also confirms the same results. One can observe that Combined_3 and Combined_4 exhibit
different energy consumption behavior as of the ground truth (Parallel). However, Combined_1 and
Combined_5 follow the same direction with the same slope, whereas Combined_2 follows the same
direction but exhibits a different orientation.

Group B (sets of single energy profile): For group B, TSM classifies the similarity of energy
profiles with ground truths (after comparing their regression fits) into the three similarity categories
explained in Section 2.3.2. The similarity ranking by TSM and popular statistical approaches for the
energy profiles in each EPS that belongs to group B are provided in the supplemental [37]. One can
observe that likewise group A, all three statistical approaches fail to capture the qualitative difference
of the regression models of the energy profiles and the ground truth belong to the same EPS.

Consider, for example, the regression models of the energy profiles illustrated in Figures 5 and 6
representing the classes same and similar respectively. The regression models of the energy profiles
follow the same trend as the ground truths in both cases. However, the slopes of the regression models
presented in Figure 6 are different from their corresponding ground truths. Figure 7 illustrates the
regression models representing the class opposite. It can be observed that the regression models of the
energy profiles and their corresponding ground truths exhibit different trends. Consider, for example,
the regression models of the EPS {FFTW,G = 16,T = 7}. Here, G and T represent the number of thread
groups and the number of threads per group respectively. The slopes of the regression models of
both profiles are different and have different signs, positive for RAPL and negative for HCLWattsUp.
Figure 7c also shows the same results. One can observe while the shape of the regression model of
RAPL is concave up, it is concave down for HCLWattsUp. However, the popular statistical approaches
do not capture this behavior.
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3.2. Discussion

Average error and Euclidean distance do not indicate whether the calibration can improve the
average error or Euclidean distance between two similar energy profiles, and thus can mislead to
consider an accurate energy profile as inaccurate. However, unlike average prediction error and
Euclidean distance, TSM can indicate if the average prediction error and Euclidean distance can be
reduced by calibrating the energy profile with the ground truth in an EPS. Consider, for example,
the energy profiles in EPS FFTW where the configuration parameter is the problem size M×N where
M ≤ N, and N = 32,768. Figure 5a illustrates the regression models of the profiles. The difference
between the slopes of the regression fit of the RAPL energy profile and the ground truth is very close
to zero, and thus TSM classifies their similarity as the same. This same similarity suggests that the
regression models of both the RAPL energy profile and the ground truth exhibit the same energy
consumption behavior. Therefore, one can reduce the average prediction error and Euclidean distance
between the RAPL energy profile and the ground truth from 10.5% to 0.6% and from 1134.9 to 94,
respectively, after calibrating it with the ground truth. That is an improvement of 94% in average
prediction error and 92% in the Euclidean distance between the profile.

Similarly, consider the EPS IntelMKLFFT where the configuration parameter is CPU cores and
problem size N is 43,328. Figure 5b illustrates the regression models of the profiles. The difference
between the slopes of the regression models of both the RAPL energy profile is close to zero, but
slightly more than the difference between the energy profiles belong to the EPS FFTW. TSM classifies
both the RAPL energy profile and the ground truth as same. After calibration, one can reduce the
average prediction error and the Euclidean distance between the profiles from 13% to 2.19% and from
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6700 to 1495.83 respectively. That is an improvement of 83% in average prediction error and 78% in
Euclidean distance between the RAPL energy profile and the ground truth in that EPS.
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It is important to note while the similarity classes such as opposite and same are more useful
for group B, the similarity class similar provides less information. It does not present any threshold
to indicate the absolute value of the similarity between the energy profile and the ground truth.
The threshold that indicates the value of absolute similarity is dependent on the application domain.

Consider, for example, signal processing or multimedia processing applications, which are
considered as fault-tolerant and belonging to the approximate computing domains. An inaccurate
result is acceptable in such domains. Therefore, a comparatively less similar energy profile can also
serve the purpose in this case. In contrast, a high similarity value is required for applications such as
cryptography or hard real-time applications. That is why TSM does not define a threshold to indicate
the degree to which an energy profile exhibits a similar energy consumption behavior to the ground
truth. Instead, it just compares the energy consumption behavior and the shapes of the regression
models of the energy profile with the ground truth in an EPS and determines whether both have similar
shape and energy consumption behavior.

To quantify the similar energy profiles, one can take the difference of the polynomials or the
derivatives of the regression models of the energy profile under consideration and the ground
truth. A zero value of the difference between the polynomials or derivatives indicates the same
polynomials and thus the same regression models. One can give some weight to the energy profile
under consideration indicating how large is it from zero value of the difference, and thus how less
similar is it with the ground truth.

Unlike the profiles classified as same, there is little to none margin for average error and the
Euclidean distance reduction, if the profile is classified as similar, after calibration. This is because the
derivatives of the regression models of the energy profile under consideration and the ground truth
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have different slopes. Therefore, the calibration can reduce the average error and Euclidean distance
between the energy profile and the ground truth only to an extent. However, it highly depends on the
value of the similarity between the polynomials/derivatives of the regression models of the energy
profile and the ground truth in an EPS.

Consider, for example, the EPS FFTW where problem size N ranges from 35,840 to 41,920 and the
configuration of CPU threads are grouped into 8 and there are 14 CPU threads in each group. We refer
to this EPS as EPS1 for illustration purposes. Figure 6a illustrates the regression models of the profiles
in EPS1. One can reduce the average prediction error and Euclidean distance between the RAPL
energy profile and the ground truth from 13.66% to 12.73% and from 5569.4 to 4520.9 after calibration.
That is an improvement of 6.81% in average prediction error and 18% in Euclidean distance between
the RAPL energy profile and the ground truth in EPS1. In contrast, consider the EPS FFTW where
problem size N ranges from 35,840 to 41,920 and all 112 CPU threads are grouped into 1 group. Let this
EPS be EPS2 for illustration purposes. Figure 6a illustrates the regression models of the profiles in
EPS2. The average prediction error and Euclidean distance between the RAPL energy profile and the
ground truth can be reduced from 24.62% to 3.9% and from 78,669 to 23,184.7 after calibration. That is
an improvement of 84.16% in average prediction error and 70.5% in Euclidean distance between the
RAPL energy profile and the ground truth in EPS2. This is because the difference in polynomials and
derivatives of the regression models of both profiles in EPS2 is less than the regression models in EPS1.

Another important finding is that the calibration of less similar profiles with the ground truth
can increase the maximum prediction error between them in some cases when trying to reduce the
average error and Euclidean distance. Consider, for example, the EPS EPS1. The maximum prediction
error between the RAPL energy profile and the ground truth is 29.8% which increases to 55.65% after
calibration (using the same offset that reduces the average prediction error and Euclidean distance).
That is an increase of 87% in the maximum error. We observe similar findings with other less similar
energy profiles. However, it is not the case where the similarity is higher or the same between the
energy profile under consideration and the ground truth in an EPS. The calibration improves the
maximum error, average prediction error, and Euclidean distance between such profiles.

The calibration should only be applied to profiles that exhibit a similar energy consumption trend
as of the ground truth because it only improves the Euclidean distance and prediction error, and thus,
does not improve the qualitative difference of the energy consumption trend of the profiles.

TSM also indicates whether the predictive model which is employed to construct the energy profile,
includes some extraneous contributor that does not reflect the energy consumption by the application,
or it lacks some essential contributor to the energy consumption by the application. Consider,
for example, the similarity results for EPS FFT_Predictive Models as presented in the supplemental [37].
The profile LM_NonAdditive has the highest average error and the greatest Euclidean distance with
the ground truth. However, the slopes of the regression models of LM_NonAdditive are in the same
direction as the ground truth (HCLWattsUp). Furthermore, the difference between its polynomials
and the slopes is close to that of the LM_Additive. However, LM_NonAdditive predicts energy
consumption more than the ground truth and LM_Additive. It suggests that the predictive model of
LM_NonAdditive includes some extraneous PMC which does not reflect the energy consumption by
the application.

Therefore, we apply a constant negative offset to its predictions to calibrate them with ground
truth. As a result of this calibration, the average error and Euclidean distance of LM_NonAdditive
energy profile with the ground truth is reduced from 92% to 39%, and from 3321 to 2722. This is an
improvement of 58% in average error and 18% in Euclidean distance. Consequently, the calibrated
energy profile of LM_NonAdditive is closer to LM_Additive is in terms of its average error and
Euclidean distance with ground truth. One can observe in Figure 8 that the regression model of
calibrated LM_NonAdditive is in a closer approximation of the ground truth (HCLWattsUp) and the
profile LM_Additive.
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This suggests that the prediction error of the energy profile LM_Additive can be improved by
removing non-relevant PMCs from the set of explanatory variables. This finding conforms to the
results as presented in [42], where the authors present a study to demonstrate how the prediction errors
of PMC based energy predictive models can be improved significantly by removing irrelevant PMCs
(which does not reflect the energy consumption by the application) from the set of predictor variables.

Similar to the indication of extraneous PMCs, TSM can also indicate whether the predictive model,
which is employed to construct the energy profile, lacks essential PMCs which strongly reflects the
energy consumption by the application. Consider, for example, the regression models of energy profiles
of FFTW_32768 and MKLFFT_43328 as shown in Figure 5. The energy profiles of the application
with RAPL exhibit the same energy consumption patterns as of the ground truth. However, RAPL
under-reports energy consumption in comparison with the ground truth. It suggests that the energy
profiles of both applications lack the contributions by some essential components. The prediction
errors and Euclidean distance of both profiles can be reduced significantly by applying a constant
positive offset to its predictions to calibrate them with the ground truth. The calibration improves the
average prediction error and Euclidean distance of FFTW_32768 by 94% and 92%, respectively, and
by 83% and 78%, respectively, for MKLFFT_43328. Hence, TSM may be used as a selection criterion
of PMCs in energy predictive models to predict the energy consumption by an application. We will
investigate this direction in our future work.

To summarize, the statistical approaches (correlation coefficient, average prediction error, and the
Euclidean distance between the energy profiles) fail to distinguish the energy profiles based on their
underlying energy consumption trend. They erroneously rank an inaccurate energy profile as better
than more accurate ones in some cases. TSM, on the other hand, proves to be more effective in
capturing the energy consumption behavior of the profiles and comparing their qualitative differences.
It provides more information about the energy consumption behavior of the profiles and thus ranks
them based on their proximity with energy consumption behavior of the ground truth. Furthermore,
it can also suggest if the calibration can improve the Euclidean distance, and the average and maximum
prediction errors between the energy profile under consideration and the ground truth.

3.3. Comparison of TSM and State-of-the-Art Statistical Approaches for Energy Optimization

In this section, we compare the effectiveness of TSM with other popular statistical approaches
using a profile-based energy optimization algorithm as a yardstick that employs the workload size as a
decision variable. Furthermore, we demonstrate that inaccurate energy profiles can cause a significant
amount of energy loss when used for the optimization of an application for dynamic energy.

The profile-based energy optimization algorithms [11,12] leverage the variations (jumps and
drops) of the energy profiles and determine the workload distributions that optimize the total dynamic
energy consumption for the given workload size. These variations in energy profiles are caused by
the intrinsic complexities in modern hybrid heterogeneous computing platforms such as resource
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contention due to non-uniform memory access (NUMA) and the tight integration of multi-core CPU
with one or more accelerators. The algorithm provides the same workload distributions for energy
profiles classified as identically the same (second stage of TSM) used as an input for the range of the
same workload sizes. Likewise, it provides different workload distributions for non-similar energy
profiles used as input for the range of the same workload sizes. This is because non-similar energy
profiles exhibit different variations in their energy consumption behavior for the same set of data points.

We use the profile-based optimization method [12] to determine the optimal partitioning of the
workload size to optimize the total dynamic energy consumption of the application. The energy
optimization algorithm does not make any assumptions about the shape of input energy profiles.
The algorithm takes the following inputs: (i). The workload size, (ii). The number of processors,
and (iii). The discrete dynamic energy functions of individual processors. The output is the optimal
workload distribution that provides minimal dynamic energy consumption for the input workload
size. The algorithm has a polynomial complexity of O

(
m3
× p3

)
. We compare the output workload

distributions provided by the algorithm when using as an input the dynamic energy profiles ranked as
similar to ground truth by popular statistical approaches and TSM.

For our first case study, consider the profiles in the EPS, DGEMM_AnMoHA as illustrated in
Figure 9. The combined energy profiles are constructed following the additive energy modelling
approach as presented in [13]. Briefly, the approach is based on the hypothesis that the total dynamic
energy consumption during an application execution will be equal to the sum of energies consumed
by all the individual application components executing on processors in the case of loosely-coupled
application components. Formally speaking, let EA(x), EB(x), and EC(x) be the dynamic energy
consumptions by the application kernels of workload size x executing sequentially on processors CPU1,
GPU1, and PHI1. Let CombinedABC(x) represent the sum, EA(x) + EB(x) + EC(x). Let ParallelABC(x) be
the total dynamic energy consumption by parallel execution of the same application kernels of the
workload size x on the processors CPU1, GPU1, and PHI1. Then, the additive hypothesis holds only if
ParallelABC(x) = CombinedABC(x).
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We run a parallel hybrid application DGEMM (which multiplies two dense matrices A and B
of sizes M ×N where M ≤ N) as explained in [13] on HCLServer01 for the workload sizes ranging
from 38, 400× 20, 224 to 60, 672× 20, 224 with a constant step size of 256. The dimension M is equally
partitioned among three aforementioned processors (CPU1, GPU1, PHI1) into M1, M2 and M3 such that
the matrix M1 ×N, M2 ×N and M3 ×N (i.e 12, 800× 20, 224) are computed by processor CPU1, GPU1,
and PHI1 respectively. There are no communications involved between the processors. The DGEMM
energy profiles in DGEMM_AnMoHA are constructed using different combinations of additive models
of application-components executing on processors. More details on additive energy modelling of
hybrid parallel applications and the design configurations of independent experiments to construct
the energy profiles in DGEMM_AnMoHA can be found in [13].
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Figure 9 illustrates the energy profiles in DGEMM_AnMoHA. The average prediction error,
correlation coefficients and Euclidean distance of all energy profiles are {2%,8%,7%,6%,4%},
{0.9762,0.8641,0.5741,0.6741,0.8945} and {2258,8795,8421,7523,4515} respectively as presented in the
supplemental [37]. The Euclidean distance and average prediction error rank the profiles Combined_3
and Combined_4 as the most similar to the ground truth (Parallel) after Combined_1 and Combined_5.
However, one can observe in Figure 9 that the qualitative comparison of both profiles with the ground
truth by TSM suggests them to have a different energy consumption trend and thus drop them from the
EPS. The correlation coefficient ranks the profiles in this EPS in line with TSM and ranks them as the
least similar. But it does not provide the details on their qualitative difference such as the underlying
energy consumption trend of the profiles. Similarly, both the Euclidean distance and average prediction
error ranks Combined_2 as the least similar profile in its EPS. In contrast, TSM ranks it as the third
most similar profile. However, all three statistical approaches likewise TSM rank Combined_1 as the
most similar energy profile.

We determine the workload distributions for workload sizes ranging from 38, 400 × 20, 224 to
60, 672× 20, 224 using the individual additive dynamic energy profiles of each processor CPU1, GPU1,
and PHI1 as an input to the data partitioning algorithm [12]. Combined_2 provides 32% of the
workload distributions the same as of Combined_1 whereas Combined_3 and Combined_4 provide
29% and 20% same workload distributions as of Combined_1. This conforms to the results of TSM,
which ranks Combined_2 as better than Combined_3 and Combined_5.

Workload distributions when using Combined_3 and Combined_5 consume more dynamic energy
for 82% and 81% of the data points, respectively, in comparison with Combined_2 for the workload
sizes. Consider, for example, the workload sizes {47616,48128,49664,50176,50688,51200,51712}. The
workload distributions of Combined_3 consume {52%,51%,52%,51%,54%,49%,50%} respectively more
dynamic energy than the corresponding workload distributions of Combined_2 for the workload sizes.
Similarly, consider the workload sizes {47104,47616,48128,49152,49664,50176,51200}. The workload
distributions of Combined_4 consume {39%,38%,40%,37%,36%,38%,40%} respectively more dynamic
energy than the corresponding workload distributions of Combined_2 for the workload sizes.

For our next case study, consider the profiles in the EPS, DGEMM_EqualLoad in Figure 10.
The energy profiles of DGEMM in this EPS are constructed with RAPL and HCLWattsUp when
running equal workload sizes on each CPU socket of a dual-socket multi-core Intel Haswell platform
(technical specifications are provided in the supplemental [37]. The details on energy profiles and
their construction procedure can be found in [13]. Briefly, we equally partition the workload sizes
(M ×N) ranging from 19, 456 × 9728 to 67, 584 × 33, 792 on both CPU sockets such that the matrix
M1 ×N and M2 ×N are computed by processor CPU socket1 and CPU socket2 respectively. There are
no communications involved between the processors. Figure 10 shows the parallel and combined
dynamic energy profiles of both application configurations.
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All three energy profiles have almost the same strong positive correlation with the ground
truth. The average errors of HCLWattsUp_Combined, RAPL_Parallel, and RAPL_Combined with
HCLWattsUp_Parallel are 4.6%, 21.2%, and 16.1%, respectively. The correlation coefficient is the same
(0.9993) for both RAPL_Parallel and RAPL_Combined, and 0.9995 for HCLWattsUp_Combined. Hence,
both the correlation coefficient and average prediction error ranks HCLWattsUp_Combined as the
most accurate energy profile in its EPS. However, TSM ranks it as the least similar. It ranks, in contrast,
RAPL_Combined as the most similar to the ground truth in that EPS.

We determine the workload distributions for workload sizes ranging from 19, 456 × 9728 to
67, 584 × 33, 792 using the dynamic energy profiles constructed with RAPL and HCLWattsUp as
an input to the data partitioning algorithm [12]. Using the workload distribution, we run the
applications in parallel on both sockets and determine its dynamic energy consumption with RAPL and
HCLWattsUp separately. We find that the workload distributions when using HCLWattsUp_Combined
consuming more dynamic energy for 65% of the data points of the range. Consider, for
example, the workload sizes {56320,56832,57344,57856,58368,58880,59392,59904,60928}. The total
dynamic energy losses by using HCLWattsUp_Combined in comparison with RAPL_Combined to
optimize the dynamic energy consumption of DGEMM for the aforementioned workload sizes is
{17%,18%,18%,17%,18%,18%,18%,18%,17%}, respectively.

To summarize, we use an energy optimization algorithm as a yardstick to evaluate the effectiveness
of TSM and popular statistical approaches to be used in an energy optimization loop of an application.
In all the presented case scenarios, TSM proves to be more effective. The energy profiles ranked as
similar by TSM provide a greater number of same workload distributions as of the ground truth when
using as an input to the energy optimization algorithm. Another important finding is that the energy
profiles erroneously ranked as similar by popular statistical approaches can cause a significant amount
of energy loss when used for the energy optimization of the application.

4. Conclusions

In this work, we presented a novel similarity measuring technique which considers the underlying
energy consumption trend of the energy profiles. The proposed method captures the qualitative
differences of the energy consumption behavior of energy profiles and ranks them based on their
similarity with the ground truth. It effectively addresses the challenge of determining the goodness
of application energy profiles on multicore computing nodes omnipresent in cloud infrastructures,
supercomputers, data centers, and heterogeneous computing clusters where the shapes of energy
profiles are non-smooth and non-linear. We compared the proposed method with popular statistical
approaches, which are used to estimate the similarity between energy profiles, for a diverse set
of 235 energy profiles (constructed on multicore heterogeneous hybrid computing platforms using
state-of-the-art energy measurement techniques such as integrated power sensors, external power
meters, or energy predictive models using PMCs as predictor variables). We demonstrated that the use
of the state-of-the-art similarity approaches instead of the proposed one in the energy optimization
loop leads to significant energy losses (up to 54% in our case).

We also showed that the proposed method can help determine whether the prediction model (that
is employed to construct the profile) includes some extraneous contributor that does not reflect the
energy consumption by the application or lacks some essential contributor to the energy consumption
by the application. This finding further helps in determining whether the calibration can improve the
average and maximum errors, and Euclidean distance between the energy profiles (constructed with
over-estimated or under-estimated energy measurements) and the ground truth. Future work would
include studying the efficiency of the proposed solution method in selecting the predictive model
variables such as PMCs in order to improve their prediction accuracy.
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Abbreviations

The following abbreviations are used in this work:

IEA International Energy Agency
ICT Information and communication technology
TWh Terra-watt hours
GPU Graphics processing unit
FPGA Field programmable gate array
QPI Quick path interconnect
NUMA Non-uniform memory access
DGEMM Double-precision general matrix multiplication
FFT Fast fourier transform
MKL Intel Math Kernel Library
RAPL Running average power limit
NVML NVIDIA Management Library
HPC High performance computing
TSM Trend-based similarity measure
EPS Set of energy profiles of an application constructed with different energy

measurement approaches

The following nomenclature and units are used in this work.

Variable Unit
Power Watt
Static power Watt
Execution time Second
Energy Joule
Total energy Joule
Dynamic energy Joule
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