
Predictive Modeling based Power Estimation for
Embedded Multicore Systems

Sriram Sankaran
Center for Cybersecurity Systems and Networks

Amrita University
Amritapuri, Kollam 690525

srirams@am.amrita.edu

ABSTRACT
The increasing number of cores in embedded devices results
in improved performance compared to single-core systems.
Further, the unique characteristics of these systems provide
numerous opportunities for power management which re-
quire models for power estimation. In this work, a statisti-
cal approach that models the impact of the individual cores
and memory hierarchy on overall power consumed by Chip
Multiprocessors is developed using Performance Counters.
In particular, we construct a per-core based power model
using SPLASH2 benchmarks by leveraging concurrency for
multicore systems. Our model is simple and technology in-
dependent and as a result executes faster incurring lesser
overhead. Evaluation of the model shows a strong correla-
tion between core-level activity and power consumption and
that the model predicts power consumption for newer ob-
servations with minimal errors. In addition, we discuss a
few applications where the model can be utilized towards
estimating power consumption.
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1. INTRODUCTION
Advancements in computing systems have fueled the growth

of mobile embedded devices with increasing amount of func-
tionality causing significant battery drain. While battery
technology has not kept up with the increasing demands in
mobile devices, the need for developing energy-aware sys-
tems has gained prominence. Dynamic Frequency Scaling
and Dynamic Power Management are two of the most popu-
lar mechanisms used to trade-off performance for conserving
power in mobile embedded devices.

Embedded Multicore systems such as Chip Multi-Processors
contain an ever-increasing number of cores which offer im-
proved performance compared to single-core systems. These

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full cita-
tion on the first page. Copyrights for components of this work owned by others than
ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or re-
publish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

CF’16, May 16-19, 2016, Como, Italy
c© 2016 ACM. ISBN 978-1-4503-4128-8/16/05. . . $15.00

DOI: http://dx.doi.org/10.1145/2903150.2911714

performance improvements come at an increased cost for
power consumption since applications may not utilize all
cores at any given time. However, the unique characteris-
tics of these systems such as heterogeneous cores and shared
memory provide numerous opportunities for power savings.
The impact and granularity of savings depends on the indi-
vidual application characteristics.

Typically, power consumed in a multicore system can be
computed as a product of power consumed by a core and
the number of cores. However, this assumes that each of
the cores are homogeneous i.e. they have similar power and
performance characteristics. In reality, these cores are het-
erogeneous [6] as a result of which utilization varies across
cores. Thus, models for predicting power consumption in
Chip Multi-Processors need to consider the activity of indi-
vidual cores and memory hierarchy.

In this work, a statistical approach that models the im-
pact of individual cores and memory hierarchy on overall
power consumed by Chip Multiprocessors (CMP) is devel-
oped using Performance Counters. Our model is simple and
technology dependent in that it contains lesser number of
parameters and as a result executes faster than traditional
models. Evaluation of the model shows a strong correla-
tion between core-level activity and power consumption and
that the model predicts power consumption for newer obser-
vations with minimal errors. In summary, our contributions
include:

• Developing statistical power models using linear re-
gression for estimating per-core power consumption by
leveraging parameters such as concurrency for multi-
core systems

• Discussing applications where the model can be uti-
lized towards estimating power consumption.

2. RELATED WORK
Prior works analyzed the applicability of multi-cores for

mobile embedded devices. Through analysis, Nvidia claimed
that multi-core processors are power-efficient compared to
single-core processors [15]. Majority of the approaches for
power-aware multicore systems can be classified into the fol-
lowing.

Energy Modeling : Economou et al. [8] and Isci et al. [12]
modeled the energy consumption of embedded devices using
performance counters. Khan et. al [13] modeled the energy
consumption of multi-core systems using a statistical learn-
ing approach. Wang et al. [20] developed SPAN, a software
power monitoring tool which correlates program segments
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with power consumption. Fan et al. [9] analyzed the power
consumption characteristics of data centers and studied the
optimal provisioning of resources. Sangaiah et al. [18] devel-
oped regression models to predict the performance of Chip
Multiprocessors. In contrast to the above approaches, we
develop a simple and a technology-independent model to
estimate per-core power consumption as a function of core-
level activity for embedded multicore systems.

Dynamic Power Management : Numerous approaches uti-
lized Dynamic Voltage and Frequency Scaling for power man-
agement in multi-cores [3] [5] [14] [11] [4] [10] [2]. These ap-
proaches assume that per-core DVFS is feasible and that de-
pending on the workload, core voltage/frequency can be ad-
justed for power savings. In addition, Kolpe et al. [14] inves-
tigated the possibility of clustering different cores depending
on core activity and adjust the core voltage/frequency on a
per-cluster basis. Fu et al. [10] proposed to consolidate the
cores that were scaled down and shutdown unused cores for
power savings.

3. BACKGROUND

3.1 Embedded Multicore Systems
Embedded Multicore systems have unique characteristics

compared to single-core systems. These characteristics en-
able us to rethink the problem of energy modeling and man-
agement for multicore systems. Further, the working set
of applications may not be known in advance which exac-
erbates the problem of energy management in multi-core
systems since applications may use any number of cores to
expedite the execution of tasks. In our model, we consider a
particular class of multicore systems called the Chip Multi-
processors. Figure 1 describes a Chip Multiprocessor. The
characteristics of a Chip Multiprocessor are the following.

Figure 1: A Chip Multiprocessor

Heterogeneous Cores:
Heterogeneous cores [6] refer to varying computational ca-

pabilities for a given set of cores. For instance, certain sub-
set of the cores can be high-power and high-performance
cores while the rest are low-power cores. In this case, real-
time applications need to execute on high-power cores so as
to complete the tasks before their corresponding deadlines.
Background applications may be placed on low-power cores

due to their periodic and lightweight requirements. Thus ap-
plications and their corresponding execution times need to
be analyzed before placing them on the appropriate cores.

Shared-L2 :
In an embedded multicore system, L1 caches are private to

each core while L2 caches typically called Last-Level Caches
(LLC) are shared among different cores. The shared nature
of the L2 cache makes it a critical bottleneck for the memory
hierarchy since numerous applications compete for access to
the L2 cache. To alleviate this bottleneck, shared memory
can be partitioned among cores so as to avoid access to off-
chip memory.

3.2 Power Modeling
Power Modeling is necessary to understand the various

factors that impact power consumption in mobile devices.
While power can be modeled at different levels of the system,
architectural-level models capture a high-level view of the
system and can be used to make better power-performance
trade-offs by considering application behavior. In the recent
past, power modeling has become a significant challenge due
to the integration of numerous processing cores and Graph-
ics Processing Units (GPUs) on a mobile device.

Current approaches for power modeling can be classified
into utilization-based power modeling [19] and performance
counters [12] based power estimation.

Utilization-based Modeling: These approaches model the
utilization of individual system components and estimate
the corresponding power consumption. In this approach,
the main challenge lies in computing the utilization of indi-
vidual components and using it to estimate power consump-
tion. Traditional approaches rely on external power moni-
tors which provide coarse-grained power estimates. These
estimates can further be correlated with component-level
utilization through statistical approaches to derive per-component
power estimates.

Performance Counters: Embedded processors are augmented
with special-purpose registers called Performance Counters
for collecting component-specific statistics. These statistics
can be used to build power models for individual compo-
nents. The procedure lies in collecting events that are rep-
resentative of the power consumed in mobile devices and un-
derstanding the relationship between performance parame-
ters and power consumption. Statistics for each of these
events can be measured using cycle-level simulation tools
such as Wattch [7] for power estimation.

3.3 Linear Regression
Linear Regression is typically used to model the relation-

ship between a dependent variable and multiple independent
variables. This means that the dependent variable scales
linearly in a increasing or decreasing manner depending on
the variance in independent variables. A linear regression
is expressed in the form Y= A + B * X where Y and X
are the dependent and independent variables respectively.
Within the context of this work, dependent variable can
represent power consumption and the independent variables
represent the factors affecting power consumption. For a
given problem, data pertaining to the independent and de-
pendent variables is periodically sampled and a linear model
is constructed.

More precisely, for a given observation in the testing set,
dependent variable is predicted using the following equation.
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(1)Y = B0 + B1 ∗X1 + B2 ∗X2 + ....Bn ∗Xn

where B0....Bn refer to the co-efficients used for describing
the model.

Typically, sampled data is divided into training and test-
ing sets for model fitting. A model generated using the train-
ing test is typically applied on the testing set to measure its
accuracy. To fit a linear regression model for all the obser-
vations in the training set, the best-fitting approach can be
used by minimizing the sum of squared errors of the actual
power consumption values to the predicted ones.

4. MODELING POWER CONSUMPTION
In this section, we discuss the parameters used for con-

structing the per-core power model and further describe the
procedure for sampling data and model construction.

4.1 Model Parameters
Our model considers parameters such as Concurrency, Power

and Execution time for power estimation. In particular, we
characterize the workload for each of the applications us-
ing these parameters and further utilize the sampled data
to construct statistical power models for per-core power es-
timation. Below, we elaborate on each of the parameters
contained in the model.

Concurrency :
Concurrency involves executing applications in parallel on

multiple cores resulting in improved performance. To utilize
multiple cores, we can choose to specify the number of cores
at compile time. The advantage of executing applications
concurrently is that it decreases execution time although it
leads to increased power consumption.

Power :
Power can refer to dynamic or leakage power in an em-

bedded multi-core system. Energy consumption is depen-
dent on the execution time of the applications and power
consumed by each of the cores. As transistor technology
scales into nanometers, leakage power becomes a significant
component of total system power and is projected to exceed
dynamic power consumption. One of the popular strategies
to reduce leakage power is to utilize Race-to-halt [1] where
applications are executed at the highest frequency so that
processors can be placed in sleep mode after the execution.

Execution Time:
Execution Time refers to the total time taken when an ap-

plication is executed in one or more cores. It involves assess-
ing the performance benefits and analyzing the power and
performance trade-offs of individual cores. Since cores con-
tain private L1 caches, access rates of the individual caches
also contribute to the overall performance of the cores.

4.2 Data Sampling
We sample data using SPLASH2 benchmarks [21] by lever-

aging concurrency in multicore systems. In particular, data
points pertaining to individual cores and memory hierarchy
were gathered by running benchmarks on varying number
of cores. Table 1 contains a brief description of SPLASH2
benchmarks that were ran for model generation.

We gather data points using the following procedure. Since
we are interested in modeling power consumption at a core-
level, applications were scheduled to execute on N cores and
N data points were obtained. These data points refer to the
activity at the core-level and memory hierarchy for each of

Table 1: SPLASH2 Benchmarks

Benchmark Description

crafty Chess Program with operations

such as AND, OR, Exclusive OR and SHIFT

fft Fast Fourier Transform algorithm

for minimizing Inter-process communication

lunon Implements sparse-matrix

incomplete LU decomposition

ocean Scientific workload for Performance

Evaluation of parallel machines

radix Iterative Algorithm for

integer radix sort

waterspatial Uses a different algorithm to

solve molecular dynamics N-body problem

the benchmarks. We extracted the performance statistics
for the benchmarks using SESC simulator [16] while power
consumption was measured using Wattch [7].

The question that arises is the need for another model
since Wattch contains models built into it. We claim that the
model constructed in this work is simpler containing lesser
number of parameters than Wattch. Yet, we obtain accu-
racy of power estimates closer to Wattch as will be demon-
strated in the evaluation section. Since the proposed model
is simple, it executes faster as well.

4.3 Model Construction

Figure 2: Power Model Construction

Our core-level energy model is built in the following man-
ner. Figure 2 pictorially describes the per-core model for
Embedded Multicore Systems. We ran benchmarks sched-
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Table 2: Baseline Configuration

Parameter Value

Number of Cores 8

Technology node 70 nm

Frequency 5 Ghz

L1 Instruction Cache Cache Size: 32768

Line Size: 32

Associativity: 2

L1 Data Cache Cache Size: 32768

Line Size: 32

Associativity: 4

L2 Unified Cache Cache Size: 1048576

Line Size: 32

Associativity: 8

uled on varying number of cores and accumulated data for
CPU cycles and cache access rates for each core and the cor-
responding power consumption. In particular, we selected
CPU cycles and L1 cache (Instruction and Data Cache) ac-
cess rates since they reflect the activity of CPU and L1
caches respectively for each of the cores. We claim that
these parameters are suitable for predicting per-core power
consumption. By choosing high-level parameters that con-
tribute towards the power consumed by individual cores,
our model offers a trade-off between simplicity and accu-
racy. Further collected data was used to create the statis-
tical model for core-level power estimation which is of the
following form.

(2)Pcore = B1 ∗ CPI + B2 ∗ ICacheaccess

+ B3 ∗DCacheaccess + B0

where Pcore, CPI, ICacheaccess and DCacheaccess refer to
Average power consumed by core, Cycles Per Instruction,
Average Instruction Cache access rate and Average Data
Cache access rate respectively. B0,B1,B2 and B3 refer to
the co-efficients obtained using the model.

5. MODEL EVALUATION
We develop our energy model using SESC [16], a micro-

processor simulator for superscalar processors. SESC simu-
lates both single and multi-core processors and emulates the
MIPS instruction set processor. Our baseline configuration
is displayed in table 2.

5.1 Model Training
We train the model using R [17], a statistical software

package. Particularly, we use Multiple Linear Regression
towards developing the statistical power model since there
exists multiple independent variables and a single dependent
variable. Table 3 contains the list of parameters and their
corresponding model co-efficients .

Table 4 contains the results for R-Squared values for the
per-core model. R-Squared values indicate the goodness of
fit in accounting for variation in the data. An R-Squared
value close to 1 indicates that there exists a strong corre-

Table 3: Model Co-efficients for Core-level Model

Parameter Co-efficient

CPI 0.993

L1 Instruction Cache 245.779

L1 Data Cache 110.406

Intercept -6.047

Table 4: Core-level Model Evaluation

Parameter Value

Adjusted R-Squared 0.91

Predicted R-Squared 0.89

Root Mean Square Error 15.82

lation between independent and dependent variables. Simi-
larly, R-Squared value of 1 shows a perfect correlation and
that the model accounts for all variations in the data. In the
case of multiple linear regression, Adjusted R-Squared val-
ues need to be considered since the model involves multiple
independent variables.

From the table, it is clear that R-Squared values lie closer
to 1 which indicate the strong correlation between average
power consumption and selected performance events such
as Cycles Per Instruction, Average L1 Instruction and Data
Cache Access rate. In the next subsection, we validate the
model and provide analysis on the error rates associated
with prediction.

5.2 Model Validation
To validate the model, we applied the model trained using

the training set to the testing set consisting of completely
new observations. In particular, we classified the data into
80% training and 20% testing and validated the model on
the testing set. Table 4 contains the results for Predicted
R-Squared and Root Mean Square error. It indicates that
Predicted R-Squared values lie closer to 1 which means that
the model is able to account for most of the variations on
the testing set. The error associated with prediction called
Root Mean Square Error (RMSE) denoted by ErrorRMS can
be computed using the following equation.

(3)ErrorRMS =

√
n∑

i=1

(PPredicted(i) − PActual(i))2

We obtained a root mean square error of 15.82 which
shows that the model incurs a minimal error associated with
prediction. Figure 3 shows a graph of predicted and actual
values for power consumption for each of the samples in the
testing set. The graph indicates that the model predicts
observations in the testing set with increased accuracy.

6. APPLICATIONS
We discuss a few mechanisms where the model can be uti-

lized for power estimation and further optimize power con-
sumption in embedded multicore systems. Since the gener-
ated model is simple and that power estimates can be com-
puted on the fly, it can be used as feedback for mechanisms
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Figure 3: Model Validation

such as Dynamic Voltage and Frequency Scaling and Task
Scheduling which are discussed below.

6.1 Dynamic Voltage and Frequency Scaling
Dynamic Voltage and Frequency scaling is used to reduce

power consumption by scaling down the supply voltage. The
decrease in supply voltage also incurs a corresponding reduc-
tion in frequency in computing systems. One of the main
limitations of DVFS is that it increases the execution time
of computational tasks. Thus it becomes necessary to con-
figure DVFS according to the needs of applications.

Figure 4: Impact of Dynamic Voltage and Frequency
Scaling

The problem of dynamic voltage and frequency scaling is
further exacerbated in multicore systems since there exists
numerous heterogeneous cores and that applications can be
concurrently executed on them. Since the model generates
per-core power estimates using the activity of the individ-
ual cores and memory hierarchy, it can be used to scale
frequency based on the estimates.

We use the generated model to estimate power consump-
tion at varying frequencies using SPLASH2 benchmarks.
Figure 4 contains the results for the Dynamic Voltage and
Frequency Scaling. The results indicate a linear relationship
between the frequencies and the corresponding power con-
sumption for each of the applications. However the rate
at which power consumption increases is the highest for

Lunon benchmark compared to FFT and Radix applications
since Lunon implements sparse matrix multiplication. Con-
sequently, we also observed the Instructions Per Cycle (IPC)
to be highest for the Lunon benchmark.

6.2 Task Scheduling
Task Scheduling is of increased importance in multicore

systems due to the need for assigning tasks to cores that
match their computational requirements. In addition to
mapping tasks to cores, deadline requirements of the tasks
need to be met. Thus depending on the schedulability of the
tasks, tasks can be migrated across cores which may result
in unused cores to be powered down thus conserving energy.

Power-aware task scheduling can be performed since the
utilization of the individual cores and the resulting power
estimates from the model can be monitored in real-time.
This can further lead to task consolidation and core power-
down resulting in energy savings.

The concept of static analysis is used to study the charac-
teristics of applications before assigning them to the cores for
task scheduling. Static analysis becomes a potential research
challenge when multiple applications concurrently execute
in multitasking systems. Thus the problem lies in accu-
rately attributing resources to individual applications. Such
a static analysis can be combined with our model for energy
accounting purposes. We propose to investigate these ideas
as part of future work.

7. CONCLUSIONS
We developed a statistical power model to estimate the

power consumed by embedded multicore systems. The pro-
posed power model quantifies the power consumed by a core
as a function of activity of the individual cores and mem-
ory hierarchy. Linear Regression was used to generate the
power model. The proposed model is simple and technology
independent, in that it contains lesser number of parame-
ters compared to existing models and yet obtaining accurate
power estimates. Evaluation of the model showed a strong
correlation between core-level activity and power consump-
tion and that the model predicted power consumption for
newer observations with minimal errors. In addition, we dis-
cussed a few applications where the model can be utilized
towards estimating power consumption.
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