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Abstract - Energy saving multicore processors are necessary 

and important for the high-speed operations which is frequently 

used in embedded electronic devices.  Intelligent powers saving 

operation in these devices are very much necessary to study and 

these are lacking.  The present study offers very good scope for 

energy saving applications in these multicore processor 

architectures. Micro architecture Independent Workload 

Classifier (MIWC) is used for the calculation of processor 

workloads.  New test bench has been proposed with the principle 

of Enhanced Vector Machines (EVM) mechanism and the energy 

consumption is much reduced by implementing these types of 

calculations.  MIWC has been validated with the following 

different benchmarks such as Internet of Medical Things (IoMT), 

BEEBS, Mi Bench (Media Bench). EVM mechanism proves 

energy reduction in these types of devices by 25-30% of its 

original consumption as per the above bench marks standard. 

Keywords- MIWC, EVM, Workloads Core Allocation, Valgrind, 

Dynamic RIO, Low Energy  

I. INTRODUCTION 

Multicore heterogeneous architectures are used in many 
types of applications such as smart mobile phones to robotic 
applications. The workloads are increased due to various 
functions incorporation on these devices and energy saving 
applications is challenging for their utilization of longer 
duration of device run. So, the effective implementation of 
workloads calculation and implementation on Internet of 
Things (IOTs) based embedded devices makes more attracting 
among the users. Energy-aware scheduling (EAS) mechanism 
has been employed using fuzzy logic to calculate the 
suitability between programs and cores by analyzing important 
inherent program characteristics such as instruction 
dependency distance and branch transition rate [1]. By using 
random planning approach, the program scheduling in the 
heterogeneous multi-core system accomplished few outcomes 
that shows suitability-guided program scheduling mechanism 
in energy-delay product that achieves up to 15.0% average 
reduction. The outcomes of the proposed system from Jian 
Chen and Lizy K. John introduced a technique to leverage the 
inherent characteristics of a program for scheduling decisions 
in heterogeneous multicore processors show on average, 
distance-based scheduling heuristic achieves about 24.5% 
reduction in its energy-delay product, 6.1% decrease in 
energy, and 9.1% improvement in throughput when compared 
with the traditional hardware unaware planning calculation 
[2]. There were two approaches to characterize multi threaded 
applications in multi core environments described by a limited 
number of parameters. Wider modeling technique was also 

used to characterize performance metrics of multi core CPU 
with a limited complexity [2, 3]. Daniel Shelepov introduced a 
Heterogeneity-Aware Signature Supported (HASS) scheduling 
algorithm that does the coordinating using per-thread 
architectural signatures, which are compact summaries of 
threads architectural properties collected offline. The resulting 
algorithm does not depend on dynamic profiling; it is able to 
achieve good performance when comparable to the best 
(oracle) static assignment. We found that lack of phase 
awareness in HASS has attempted to its advantage, because it 
saved it from many problems linked to phase changes that 
were uncovered by our implementation of IPC-driven 
algorithm [4]. The adaptable architecture of Mia Wallace can 
be exploited to proficiently run Convolution Neural Networks 
(CNN) which gave best in class brings about visual, sound and 
classification of signal and would be very attractive in an IoT 
applications [5]. A productive task algorithm, Optimizing 
Task Heterogeneous Assignment with Probability (OTHAP) 
was introduced for energy saving on heterogeneous multicore 
design by receiving a probabilistic approach. In this, 
minimum-energy model was used to acquire the ideal errands 
task to fulfill the limitations of time and probability with the 
base conceivable energy.  The results demonstrated that the 
OTHAP algorithm are more powerful than the Integer Linear 
Programming (ILP) algorithm in investigating parallelism in 
recreated multi-core frameworks structures and producing 
results with high quality [6]. In view of the extensive 
investigation of the highlights of Central Processing Unit 
(CPU) and Graphic Processing Unit (GPU) applications and 
the thought of the information to Last-level Cache (LLC), it is 
important that the GPU application involves a considerable 
measure of LLC space yet it is CPU which is in charge of the 
execution of errands and serial logic control, bringing about 
the CPU application requiring number of cache blocks and 
that's just the beginning sensitive than GPU application. So 
when CPU application gets to LLC, it is sensible to give the 
CPU application the higher need in queue of cache. The test 
comes about to demonstrate that the technique proposed in this 
paper has a huge significance in enhancing the framework 
execution [7]. A reconfigurable deep learning processor is also 
discussed in reference [8].  Yi-Jung Chen et. al. proposed a 
strategy to naturally combine the cores for the given workload 
with the goal that the execution is advanced while the resource 
limitation is met. This work can handles the processor 
allotment issue for MPSoCs with the system architecture. To 
draw out the best execution of an equipment configuration, 
their proposed algorithm additionally arranges the product 
plan of errand mapping for a chose equipment setup. The 
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results demonstrated as homogeneous architecture with 
minimum cost and least execution cores regardless of the 
possibility that the quantity of core was set to the greatest 
parallelism level of the objective workload. The proposed 
technique accomplishes up to 8.25% of execution change 
among every one of the cases authors assessed while the range 
requirement is met [9]. The detailed research work was 
discussed about the two such structures, exhibiting dynamic 
core arrangements that give a huge execution increases over 
credulous task, and even beat the best static task [10]. It looks 
at strategies for heterogeneous designs both with and without 
multithreading cores. In a heterogeneous architecture, the 
identical zone was inspected up to 63% and the best core task 
system accomplishes up to 31% speedup over a guileless 
approach.  

The present paper deals with coordinating the different 
occupations of various workloads to the different multicore 
embedded processors. These are discussed as follows with 
different bench marks.  

II. RESEARCH METHODOLOGY 

 

A. Micro architecture Independent Workload Classifier 

(MIWC) –An overview    

MIWC tool bench consists of different workflow 
mechanisms which are described as follows 

1) Setup phases 
2) Cognition classifier mechanisms 
3) Intelligent-core allocation rules 

 

1) Setup phases 

 
In this phase, Pin tools are used for the measurement of 

workload parameters. Pin tools have been modified 
accordingly with the proposed test-bench works on the 
different ARM based multicore architectures. A pin tool 
configuration mechanism for Intel board is given in Fig. 1 as 
follows:  

 
 
 

 

 

 

 

 

 

Fig.1. Pin tool configuration mechanism for Intel board 

Pin tool is the binary instrumentation tool which can be 
rewritable depends on the application. The user may rewrite 
the applications depends on API provided, which can act as 
source compatible for all instruction sets of the architectures. 
Pin tools automatically insert the functions calls at any point 
of the program without affecting the application registers used 
in the application programs. Fig 1 shows the general 

description of the pin tools proposed by Intel. Pin tools consist 
of JIT (Just In Complier), Emulation units along with the 
Dispatcher. The codes which are pin pointed were stored in 
the cache memory. Once the applications are inserted, VM 
(Virtual machine) takes the control over the application. The 
instrumentation API is created and it is compiled by the JIT 
compiler and stores in the cache memory. The complied codes 
are then launched by the dispatcher. Pin uses a code cache to 
store the previously stored complied instrumented codes to 
avoid the overhead. Since the pin tools are targeted for the 
Intel based architectures, dealing with the ARM Architectures, 
Pin tools are slightly modified which can be fitted for the 
ARM„s different version of architectures. Since ARM based 
Instruction set Architecture (ISA) is based on the PC (Program 
Counter) reference as source or destination registers.  

2) Cognition Classifier Mechanisms 

In this phase, the workloads parameters are measured by 
the proposed   complier. To increase the efficiency of the 
classifier, we are used MIWC. The micro architecture 
workloads are listed in table I. The advantage of this 
methodology is the program behaviors can be separately 
extracted without any overlapping. Based on the modification 
of the Pin tools, list of workload parameters obtained and 
listed below. 

TABLE I.  LIST OF PARAMETERS USED FOR THE WORKLOAD 

CHARACTERIZATION OBTAINED BY USING PIN TOOLS 

Sl.No Workload parameters 
Workload 

characterization 

1 PC  Read Instruction and 
Write Instruction 

Architecture Dependent 
Workload 

2 Unconditional Branch 

Instructions 

 

Architecture Independent 
Workload 3 Register Traffics 

4 Load and Store Instruction 

5 Branch Predictability 

Functions 

6 Cache memory Size Architecture Dependent 

Workload 

7 ILP mechanisms  

Architecture Independent 

Workload 
8 Arithmetic Measurement 

metrics 

9 Logical  Instructions 

10 System Calls Functions 

 

Before considering MIWC, the workloads are clustered by 
using clustering techniques for the separation of the dependent 
and independent workloads based on the user defined labels. 
The user defined labels are identity to the workload 
parameters in which ID_1 is used for the micro architecture 
Independent workloads where as ID_0 is used for the 
architecture dependent workload parameters. The clustering is 
used for separation of ID_1 and ID_0 in which the ID_1 is 
taken for the analysis.   

3) Intelligent-core allocation rules 

In this phase dealt with the classification of the workloads 
in accordance with the core architectures. The enhanced SVM 
along with the Fuzzy Rule Sets (FRS) is used for this core 
workload mapping which are explained in preceding sections. 

A. Enhanced Support Vector Machines (ESVM)  
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The basic idea of using the ESVM is to classify the cores 
in accordance with the cores features so that proposed test 
bench allocates the workloads in accordance with the cores‟ 
feature specifications. After the clustering of the  workload 
parameters into  independent workloads and  dependent 
workloads ,  workloads core  allocation  has to be mapped and 
classified  by using the new  mechanism  called ESVM. SVM 
is the most powerful  tool for solving the classification  
problem  but if the training data belongs to one or more 
classes then  SVM treats all the data‟s uniformly which may 
lead to the inaccurate measurement.  In the real world 
application, training data‟s are considered to be more 
important for the classification. Workloads mapping Fuzzy 
Rule Sets (FRS) were incorporated for the classification of the 
workloads accurate measurement of the core.   

B. Methodology for the   Adopting the ESVM for the 

workloads    

ESVM works on the principle of the support vector 
regression and intelligent rule sets for core-workloads 
mapping. Let us see the overview of the SVR working 
principle based on the workloads classification. 

Let D be the training sets of the n data points D={xi,yi} 
|i=1,2,3,……D where x is the inputs and y is the outputs. The 
main goal of SVM is to find the optimal hyperplane w which 
is given 

F(x,y)= w
T
 Ø(xi) +b                                                   (1) 

where Ø(xi) is the  non-linear  mappings of the  input 
vector  features  xi into an high dimensional space and the 
SVR training is  equivalent to the following optimizations  
which is given by Minimize (1/2) w

T
 w + C∑(Nj + N

*
j)    

where Nj , N
*
j are slack variables and the  C is the cost of 

Intensive Loss Functions(ILF). In the proposed workbench, 
the Energy of the Workloads (Ew), Branch predictability 
function (BFF), IPC (Instruction Per Cycle) are calculated for 
the workloads and taken as the input features for SVM. 

Let us consider the n1, n2, n3, n4…..nn be the number of 
the micro architecture independent workloads with the clock 
frequency Fc, in which the energy is calculated as follows. 
Total Energy to be calculated for the workloads 

En=P*∑nn*Fc                                                   (2) 

Equation (2) represents the energy calculation of the 
workloads depends on the clock frequency of the workloads. 
The branch predictor ratio is another parameter for the 
proposed framework which tries to measure the match 
between workload‟s branch predictability and the branch 
predictor size. The branch prediction ratio which is given by 

 

i nt (n 1) t

0 0

(F) B *(P P )* *
N N

t n

n n

B B A P

 

                    (3) 

 

where, B(F) - Branch   Fitness  Function 

Bi-   Size of the Branch Predictors ranging from 1.....N 

A- Tuning factor  

Pn ,P(n+1)t- Conditional Branch Equations Present in the  
workloads. 

Also the instruction throughput is measured by the Pin 
tools, by using the clock frequency consumed by the 
architecture. The three parameters are measured   for different 
workloads and act as the input features for the classifier.  The 
overall proposed framework describes about the input features 
for the SVM for classification and this shown in Fig.2. 

 

 

 

 

 

 

 

 

 

 

Fig.2. The proposed framework describes about the input features for the 
SVM for classification. 

From the SVM, the trained data and tested data has been 
taken as a threshold for the determination of cores in 
accordance with the workloads which is shown in Fig 3. 

 

Fig.3. Fuzzy SVM Framework describes about the   prediction of the cores in 
accordance with the workloads 

III. EXPERIMENTAL RESULTS 

MIWC test benches were evaluated with different ARM 
architectures with different test benches such as IoMT, 
MiBench, Mediabench, and PARSEC benchworks.  1256 
datasets were collected from the different benchmarks which 
are mentioned in the Energy, Branch prediction, IPC which 
were calculated.   Raspberry pi 3 Model B+   with Quad Core 
Cortex A-7 Architectures was used as a test bed. The model 
works on the Linux OS with operating frequency of 
1400MHz.  

A. Energy Estimation , Branch fitness ratio and IPC 

The different benchmarks are executed on the above test 
bed in which the energy, branch fitness ratio (BFR) and IPC 
were calculated. The different estimations are given as follows 
from Fig. 4 to 9. It shows the energy consumption, Branch 
Fitness Ratio and IPC Calculator ratio calculated by the 
proposed test bench for the different workloads and the 
benchmarks.  
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i) Energy Estimation 

The energy estimation has been calculated by using the 
proposed test bench which is given as follows: 

 

Fig.4. Energy estimation of different workloads for the RASPBERRY PI3 
Cortex Quad Core test bed 

 

Fig.5. Energy estimation of different benchmarks for the RASPBERRY PI3 
Cortex Quad Core test bed 

ii) Branch Fitness Ratio (BFR)  

The branch predictability ratio has been calculated by 
using the proposed test bench which is given as follows: 

 

 

 

Fig.6. Branch fitness ratio for different workloads for the RASPBERRY PI3 
Cortex Quad Core test bed 

 

Fig. 7 Branch fitness ratio for different benchmarks of RASPBERRY PI3 
Cortex Quad Core test bed 

iii) IPC calculator 

The IPC of the each workload has been evaluated and 
clock frequency allocated has been calculated based on the 
Instruction Mix and Register traffic mechanisms. 

 

Fig.8. IPC calculator ratio for different workloads for the RASPBERRY PI3 
Cortex Quad Core test bed 

 

 

Fig.9. IPC calculator ratio for different benchmarks for RASPBERRY PI3 
Cortex Quad Core test bed 

 

 

B. Speed Calculation and Analysis   

 
The simulation time for estimation and prediction of the 

cores for the different workloads has been furnished in     
Table I, the time required for the process took approximately 
10 seconds for the different workloads such as MIBENCH, 
SPECCPU 2006, SPARC and IoMT.  

International Journal of Scientific Research and Review

Volume 8, Issue 3, 2019

ISSN NO: 2279-543X

Page No: 224



TABLE II. COMPUTATION TIME FOR THE DIFFERENT PHASES OF THE 

FRAMEWORK WITH THE DIFFERENT BENCHMARKS 

 

Details of 

the 

Workloads 

Computation time(s) Testing Phase(s) 

 Energy 

Calcula

tion 

BFR 

Fun

ction 

IPC 

Calcula

tor Size 

Energy 

Calculat

ion 

BFR 

Functi

on 

IPC 

Calcula

tor Size 

MIBENCH 10 10 10 8 8 8 

SPECCPU 15 15 15 6 4.34 2.34 

SPARC 20 12 15 9 4.56 4.66 

IOMT 21 14 12 9 4.89 4.23 

 
The above Table II shows the different computation time 

and training time for the calculation of the energy, BFR, IPC 
calculator Size. The time taken by the proposed framework 
has been compared with the other tools like Valgrind, 
Dynamic RIO. 

 

Fig.10. Shows comparative analysis of the speed computation for the different 
benchmarks in the different tools. 

Fig.10 shows the comparative analysis between the 
computation speeds of the different tools. The proposed tool 
bench MIWC outperforms the other tools available in terms of 
the speed of operations. MIWC also uses powerful enhanced 
support machine to classify the workloads obtained in 
accordance to the cores. The energy consumed by the 
workloads is calculated are given in Fig. 11. It decreases 
nearly 25% - 30% after applying MIWC-ESM.   

 

Fig.11. MICW Classifier on different Benchmarks for 
multicore cortex A-7 Architecture.  

 

IV. CONCLUSION 

MIWC mechanism is the visualized computing framework 
which is used for the workloads performance relationship for 
the multicore heterogeneous architectures. It has been tested 
and validated with the different benchmarks for RASPBERRY 
PI3 Cortex Quad Core for the testing. Intelligent framework 
with the prediction mechanism makes for proper computing of 
the workloads calculation before using in the multicore 
architectures. Energy consumption is achieved by 25-30% of 
its original energy consumed as per the different bench marks 
(IoMT, Mi-Bench and BEEBS) for multicore architectures. 
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