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Abstract—Many Integrated Core (MIC) architecture systems
are becoming increasingly popular for HPC applications as they
have the dual-advantage of accelerating vector processing and a
general-purpose programming model. One of the key challenges
for energy-efficient execution on MIC architecture systems is to
determine time and energy-efficient configurations among a large
system configuration space. Given a parallel program with an
execution time deadline and an energy budget, we propose a
measurement-based analytical modeling approach to determine
these system configurations. In contrast to current approaches,
we model both inter- and intra-core resource overlaps, memory
contention among threads within a core and memory contention
across multiple cores. The model is validated against direct
measurement using six representative HPC applications on Intel
Xeon Phi system. We show that a Pareto frontier consisting of
optimal configurations exist for a parallel program executing
on MIC architecture systems. To further understand the Pareto
frontier, we use the performance-to-power ratio metric (PPR),
that quantifies the amount of useful computations performed per
unit energy during the execution. The proposed approach can be
used to determine what thread affinity is suitable for offloading
execution to accelerators such as Xeon Phi and save energy.

I. INTRODUCTION

With the slowing down of Moore’s law and dark silicon
limiting the number of active cores in a multi-core processor,
mixing CPUs and accelerators is a viable approach to scale-up
parallel computing performance. Recent years have seen the
wide adoption of accelerators by the HPC community. Among
the Top500 systems in November 2015, there were about 104
systems with accelerators [1].
Traditionally, GPUs have been dominating the accelerator

arena, but with the launch of Intel’s Knight Corner in 2012,
we have seen another class of accelerators being adopted
mainstream, namely the Many Integrated Core (MIC) archi-
tecture. The increasing adoption of this architecture is evident
in the Top500 systems, where 32 out of the 104 systems with
accelerators use the Intel Xeon Phi coprocessor which is based
on the MIC architecture.
With at least 50 cores, Intel Xeon Phi coprocessor adds

high parallelism on a single node and has a theoretical peak
of two TFLOPS for single precision, one TFLOPS for double
precision and over 352 GB/s of memory bandwidth. This
performance as well the flexibility to be used both as a
coprocessor or a standalone processor, promotes it as a new
intra-node heterogeneous platform for HPC applications. In

contrast to GPU, Xeon Phi has a general-purpose programming
environment and can be programmed with common program-
ming languages, thus making it even more popular among
HPC users.
However, from a system perspective, coprocessors based on

MIC architecture offer a large system configuration space to
execute a parallel application. For a given parallel program,
reaching the theoretical peak performance of the Xeon Phi
is challenging because it depends on inherent parallelism in
the program, how to bind threads to cores, the degree of
vectorization and memory usage of the applications. Hence,
for a HPC user, determining the optimal system configuration
to execute a parallel application is non-trivial and poses a
number of research challenges such as:

1) For a given program, what is the number of threads that
achieves the best performance?

2) For a given program and number of threads, what thread
affinity mode achieves the best performance?

Answers to these questions help both application developers
to gain insights on program hot-spots, and system designers
to identify capacity bottlenecks, and thus optimize software-
hardware co-design to improve system performance. This
paper addresses these challenges and proposes an approach to
determine a system configuration to execute a parallel program
on MIC architecture system in an efficient manner.
Current approaches to analyze performance of parallel pro-

grams mainly include instrumentation or application profiling-
based measurement techniques which trace the complete ex-
ecution of the program on a particular hardware system to
identify both application and hardware bottlenecks [2], [8],
[20], [22]. However, they are generally intrusive and difficult to
generalize across programming languages. Another approach
to understand application hot-spots on prospective hardware
is the use of cycle-accurate micro-architecture level simula-
tors [3], [6], [17]. However, analyzing application executions
even with reasonable input sizes is very time-consuming [14].
This paper presents an approach to determine energy-

time efficient system configurations for executing a parallel
program using a measurement-driven analytical model. The
proposed analytical model is formulated using parametric
values obtained from baseline executions of the application
to measure workload and architectural artefacts. The key
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novelties of our approach are modeling both inter- and intra-
core resource overlaps and resource contention.
Given a parallel program, the proposed approach determines

the system configuration in terms of number of cores and
number of threads per core. Thus, this paper proposes a
systematic method that can be used to determine the thread
affinity mode and the number of threads for efficient execution
of a HPC application on MIC architecture systems such as
Xeon Phi accelerators.
The proposed model is validated against direct

measurements on an Intel Xeon Phi card having a 5110P
coprocessor with 60 cores operating at 1.053 GHz using
a range of NAS NPB benchmarks, including both kernel
and applications [4]. Validation results for all possible
configurations show that our model accuracy is within
reasonable bounds of less than 15%. As an example,
we apply our model to determine energy-time efficient
configurations for HPC applications.

Our key contributions are:

1) A measurement-driven analytical model to determine
time-energy efficient performance of parallel program. In
contrast to current approaches, we model both inter- and
intra-core resource overlaps, memory contention within
and across multiple cores in a MIC architecture.

2) We show that parallel programs executing on MIC ar-
chitecture systems exhibit Pareto-optimal configurations
which execute in the minimum possible time for a given
energy budget or consume the minimum energy for a
given execution time deadline.

3) We show the importance of performance-to-power ratio
(PPR) metric in determining what thread affinity mode
is more suitable for offloading on accelerators with MIC
architecture.

The rest of the paper is organized as follows. In Section
II, we present the related work. Section III discusses our
measurement-driven analytical modeling approach and Section
IV validates the model. We present the energy efficiency
analysis in Section V and summarize in Section VI.

II. RELATED WORK

We broadly divide previous work into two categories: (i)
performance modeling of parallel programs, and (ii) perfor-
mance studies of MIC architecture systems. We compare and
contrast these with our proposed approach.

A. Performance modeling

More recently, at algorithm level, asymptotic analysis-based
modeling techniques are used to derive trade-offs between
computation and communication [9], [10]. However, the ap-
proach presented in this paper is at a lower level of abstrac-
tion, so that insights into both application and architecture
bottlenecks can be inferred. Closer to this paper’s proposed
approach are our previous works which use non-intrusive
inputs, hardware event counters [24], [25], [31]. While these

works focus on parallel programs, they do not consider intra-
node heterogeneous systems such as coprocessors based on
MIC architecture. This paper focuses on modeling the time
performance of systems with coprocessors based on MIC
architecture and considers both inter- and intra-core overlaps
and resource contention.
Guo et al. [14] also analytically model application be-

haviour on prospective architectures by capturing the dynamic
behaviour of an application using the control flow statis-
tics. However, we use a measurement-based analytical model
to characterize application execution for different hardware.
Other alternative approaches to predict performance include
statistical methods that rely on black-box regression to infer
dependencies between hardware parameters and application
performance [5], [19], [30]. Our approach is not black-
boxed and thus enables analytical prediction of the impact of
changing different system parameters on program execution
performance.

B. MIC performance studies

Fang et al. [11] presented an empirical study on Xeon
Phi, stressing its performance limits and relevant performance
factors using micro-benchmarks. The system architecture com-
ponents that were studied in detail include the vector pro-
cessing cores, the on-chip memory, the off-chip memory,
the ring interconnects and the PCI express connection. They
also attempted to provide a simplified machine view for
performance tuning and application design. Ramachandran et
al. [23] examined the performance of NPB OpenMP version
on Xeon Phi and identified some performance optimizations.
In contrast, Schmidl et al. [27] evaluated the performance of
OpenMP applications on Xeon Phi and compared the perfor-
mance of the coprocessor with a Xeon-based compute node.
Vladimirov et al. [33] studied the performance impact of using
coprocessors for MPI-based applications. While these works
are purely measurement based studies, this paper proposes an
analytical model to analyze MIC architecture performance.
Fang et al. [12] used benchmarking to evaluate the per-

formance of various optimization techniques with a focus on
guiding kernel design. By using a set of micro-benchmarks,
they characterized the three major components of the Phi
architecture - cores, memory, and interconnect. They also syn-
thesized a set of four machine-centric optimization guidelines
and a simplified machine model for facilitating kernel design
and performance tuning on the Xeon Phi. Ramos et al. [26]
proposed communication models for cache-coherent MIC ar-
chitecture and applied these models to optimize algorithms
with complex data exchanges. While these works are related to
optimizing the kernel or specific algorithms, this paper focuses
on modeling the performance of parallel programs on the MIC
architecture.
Heinecke et al. [15] implemented the Linpack benchmark on

single and multi-node systems based on Xeon Phi coprocessors
in both native and hybrid configurations. Their implementation
on Knights Corner employs novel dynamic scheduling and
achieves close to 80% efficiency. Si et al. [28] developed a
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multi-threaded MPI implementation on many-core environ-
ments such as Xeon Phi to coordinate the runtime engine of the
threads and share idle threads with the application. In contrast,
we focus on modeling the impact of thread affinity on energy-
time performance to determine efficient system configurations
to execute parallel programs.

III. PROPOSED APPROACH

In this section, we discuss our proposed analytical model.
We first present an overview of our model and its assumptions
and some background on the MIC architecture. Next, we
derive the model parameters to determine time and energy
performance.

A. Overview

Our objective is to determine a energy and time-efficient
configuration for executing a given parallel program on a
coprocessor based on the MIC architecture. While the MIC
architecture offers immense amount of thread-level parallelism
(TLP), it is non-trivial for the user to determine the optimal
system configuration for execution among the huge configura-
tion space offered by such a system. A system configuration
is defined as a tuple consisting of the number of cores and the
number of threads per core1. Due to the large TLP offered by
the MIC architecture, users of such systems are given different
options of utilizing the underlying resources using different
thread affinity modes. Thus, the configuration tuple determined
using our approach represents the number of threads and the
thread affinity mode to be used by the user.
The proposed approach determines the system configuration

that has the best execution time performance by determining
the optimum number of threads per core (τ ) and the number
of cores (c) to execute the program. Counter-to-intuition,
using the maximum number of threads per core, compact
thread affinity, does not necessarily translate to the best
time performance. As the number of threads within a core
increase, they compete with each other for shared resources
such as memory. This is modeled in our approach as intra-
core contention. Alternatively, keeping intra-core contention
to a bare minimum and scheduling only a single thread per
core, scatter thread affinity, may not be optimal as the threads
across cores also contend for shared-memory, which we define
as inter-core contention. The performance impact of choosing
either the policy with (i) maximum number of threads per
core (compact) or (ii) single thread per core but using more
cores (scatter) is non-trivial and thus our paper addresses this
challenge by modeling both intra- and inter-core contention
for shared memory.
To infer the program’s demands on system resources such as

CPU and memory, we characterize the workload using baseline
executions to derive program and architectural artefacts. These
baseline executions are performed using a small program input

1Considering a single Xeon Phi node can have 60 cores with 4 threads
executing per core, and two different thread affinity modes, compact and
scatter, result in a total configuration space of 60×4×2 = 480−3 (common
configurations) = 477 configurations.

size. Using these measurements, we derive useful work cycles
and the intra- and inter-core memory contention. The effect of
memory contention is observed by measuring the number of
stall cycles due to cache misses. This approach is outlined in
Figure 1 and the notations used in our approach are described
in Table 1.
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Figure 1: Approach overview

Symbol Description
Workload Parameters

P parallel shared-memory program
Ps P with smaller input size
S scaling factor from program Ps to P

Baseline Execution
Is instructions in Ps

ws work cycles in Ps

bs non-memory stall cycles in Ps

mintra,s memory-related stall cycles in Ps

minter,s memory-related stall cycles in Ps

System Parameters
cmax maximum no. of cores in MIC architecture system
τmax maximum no. of threads per core
f core clock frequency

Time Model
w work cycles for P
b non-memory stall cycles for P
mintra intra-core memory-related stall cycles for P
minter inter-core memory-related stall cycles for P
c no. of cores per accelerator node executing program P

τ no. of threads per core executing P

WPI work cycles per instruction
Twork time for computation
Tstall non-overlapped time due to memory stalls
Tintra non-overlapped time due to intra-core stalls
Tinter non-overlapped time due to inter-core stalls
T total execution time of a program P

Table 1: Model parameters

B. MIC architecture

An overview of the Many Integrated Core (MIC) archi-
tecture is illustrated in Figure 2 using the Intel Xeon Phi
coprocessor as an example implementation. The Intel Xeon
Phi coprocessor is primarily composed of processing cores,
caches, memory controllers, PCI express client logic, and a
very high bandwidth, bidirectional ring interconnect. Each
core has a 32-KB L1 instruction cache, a 32-KB L1 data cache
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and a private 512-KB L2 cache that is kept fully coherent by
a globally-distributed tag directory.

The memory controllers and the PCIe client logic provide
a direct interface to the GDDR5 memory on the coprocessor
and the PCI express bus, respectively. All these components
are connected together by the ring interconnect. There are 64
tag directories (TD) connected to the ring. Address mapping
to tag directory is based on the results of hash functions of
the memory addresses, hence, the memory addresses will be
distributed evenly over the ring, which helps better commu-
nication. The memory controller (GDDRMC) is distributed
symmetrically around the circle. The addresses are distributed
evenly across the controllers, thereby eliminating “hot spots”
and provide unified access model.

The interconnect is implemented as a bidirectional ring.
Each direction consists of three separate rings [13]. The first
ring, also the largest and most expensive ring of the three is
the data block ring. This data block ring is 64 bytes wide
to support high bandwidth. The address ring is smaller and
is used to send read/write commands and memory addresses.
Finally, the smallest ring and the least expensive ring is the
acknowledgment ring, which sends flow control and coherence
messages. When the cores access the L2 cache and cannot
find the necessary data (cache miss occurs), one request will
be sent to the tag directory. If data is located on the L2 cache
of another core, a request will be sent to that core and the
data will be sent via the data ring. If the requested data is not
found in any caches of any cores, a memory address is sent
from the tag directory to the memory controller.

Figure 2: MIC architecture

C. Time performance model

In this section, we derive the execution time, T , for a
shared-memory parallel program P, executing on a accelerator
based on the MIC architecture. Adding more computational
resources to a parallel program splits the computations or
useful work among these multiple resources leading to exe-
cution speedup but incurs overheads due to thread communi-
cation and contention. While intra-core communication using
the shared L1 cache is faster, the overheads due to intra-
core contention for the L1 cache causes speedup losses in
parallelism. Similarly, when only a single thread is scheduled
on a single core, it minimizes intra-core contention, but inter-
core contention for the L2 memory causes speedup losses. We
model both intra and inter-core contention for shared-memory
by considering the overlap of these memory accesses with
useful work or program computations.
The execution time of a parallel program executing on c

cores and τ threads per core depends on the total number
of cycles executed by the thread in the critical path of the
execution. Thus,

T = max
1≤τ≤τmax

1≤c≤cmax

Tτ,c (1)

The execution time of a thread on a core in MIC architecture
systems depends not only on the computation time but also the
contention time for shared resources both within and across
cores. We model this execution time as service time offered by
two system resources in the MIC, namely, cores and memory.
However, the response time of these resources overlap and
thus the execution time of the thread cannot be determined by
a simple summation of the service time and waiting time of
both the servers, namely core and memory.
As the MIC cores have deep pipelines to simultaneously

compute and access memory, we split the execution time of
the thread into the useful work done by the core along with the
overlapped memory accesses, and consider the non-overlapped
time of core separately. Therefore, we derive this execution
time by considering time overlapped with computation (Twork)
and non-overlapped time (Tstall) waiting for a shared resource.
Hence,

Tτ,c = Twork + Tstall (2)

The execution time on the core and the overlapped memory
access time is determined by using the cycles spent in the
execution stage of the pipeline, and the core clock frequency.
Thus,

Twork =
cycleswork

f
(3)

The number of overlapped cycles between computation and
memory access depends on the instruction level parallelism
(ILP) of the program and the underlying processing core.
We measure this artefact by using a program subset Ps

and determine the useful work cycles executed by a core
(ws + bs). This in turn is determined by measurements using
the PAPI [34] hardware counters for cycles and instructions
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for the program Ps.

WPI =
ws + bs

Is
(4)

We validate in Section IV-B1, our hypothesis that as programs
scale from Ps to P, the Work Cycles per Instruction (WPI)
remains approximately the same, as both overlapped work
cycles and instructions scale by the same amount for a given
program and system, as these are effects of ILP. Thus, the
overlapped work cycles for a program P can be determined
using the measured WPI for Ps and using the scaling factor
S for determining the instructions of program P.

cycleswork = WPI × S × IPs
(5)

This scaling of instructions with program input size is vali-
dated in Section IV-B2. Next, we discuss the impact of TLP
on the execution time, and derive how the model determines
the non-overlapped cycles, due to both intra and inter-core
contention. We use two separate measured parameters to deter-
mine both the contentions. While the first parameter mintra,s

measures the intra-core contention for the shared L1 cache
using the compact thread affinity mode, the second parameter
minter,s measures the inter-core contention for memory.
1) Intra-core contention: As the number of threads increase

within a core, it is expected that the execution time improves
due to TLP. But, there are also parallelism losses that happen
and for an efficient software-hardware co-design it is impera-
tive to gain insights into these losses. As the number of threads
within a core increases, the number of instructions executed
per thread decreases due to TLP, but the number of cycles
does not decrease by the same ratio due to the waiting time
of the memory requests per thread at the L1 cache. Thus, we
model the parallelism loss due to contention for the shared
L1 cache among the threads within a core by measuring the
increase in the number of stall cycles.
We measure the increase in the non-overlapped stall cycles

by increasing the number of threads per core for program
Ps, and use this to determine the non-overlapped stall cycles
mintra,s due to L1 cache contention for a given number
of cache accesses. If λintra,τ is the number of L1 data
access requests when τ threads are executing in a single core,
the intra-core waiting time and non-overlapped service time
(Tintra) is

Tintra =
mintra

f
=

λintra,τ × ατ,s

f
(6)

where ατ is the number of stalls per L1 cache access due to
τ threads executing within a core for program Ps. We use
this time for determining the execution time for a program
executing with compact affinity mode when the number of
cores is one, and the number of threads vary from one to four.
We use the measured values of λintra,τ,s for the Ps and derive
the parameters for program P using the scaling factor S as:

λintra,τ = λintra,τ,s × S (7)

The scaling of the number of data accesses, λintra,τ is
validated in Section IV-B3.

As the program can be compute bound or memory bound in
a given core depending on the number of threads being used
and the amount of contention, the total execution time of a
program P using τ threads on a single core may be determined
as:

Tτ,1 = Twork + Tintra (8)

While the above determines the execution time for TLP on
a single core, it does not consider inter-core contention for
shared-memory.
2) Inter-core contention: As the number of threads execut-

ing a program increase, based on the thread affinity mode,
the number of cores increase and thus they contend for the
shared memory. As there are local tag directories (TD) per
core, a memory access to the GDDR5 only happens when
the requested access misses the distributed L2 cache across
all the cores. Thus, the service rate of the inter-core memory
requests varies with the number of misses and the number
of prefetches. The Xeon Phi uses a hardware prefetching
mechanism that dynamically identifies cache miss patterns and
generates prefetch requests [18]. Thus the service rate of the
memory controller depends on the inter-core memory request
arrival rate, which is cumulative from both the prefetcher and
misses during execution. As both of these requests queue at the
memory controller (GDDRMC), and with λinter as the total
number of memory requests, the inter-core non-overlapped
memory response time is:

Tinter =
minter

f
=

λinter,c × βc,s

f
(9)

where βc is the total number of cache accesses due to c active
cores in the MIC architecture system.
We use this time for determining the execution time for a

program executing with scatter affinity mode when the number
of threads per core is one, and the number of cores vary from
one to 60. We use the measured values of λinter,c,s for Ps and
derive the parameters for program P using the scaling factor
S as:

λinter,c = λinter,c,s × S (10)

The total execution time of a program P using a single
thread on c cores is determined as:

T1,c = Twork + Tinter (11)

The execution time for a program using c active cores with
τ threads per core, considering overlap of both intra- and
inter-core contention can be derived as the time due to the
resource having the maximum response time. Thus, the time
due to stalls is determined from both the contentions, and using
Equation 2, the execution time is:

Tτ,c = Twork +max(Tinter, Tintra) (12)

D. Energy Performance

To determine the power consumed by the cores in the
MIC architecture, we use PAPI counters and measure the
instantaneous power using micpower component. For each of
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the programs we measure the micpower:::tot0 [21], a native
event of the micpower component and use this value (Pτ,c)
to compute the energy of the programs executing on the MIC
architecture system:

Eτ,c = Tτ,c × Pτ,c (13)

IV. MODEL PARAMETERIZATION AND VALIDATION

The measurement driven inputs to our analytical model are
obtained from MIC architecture system characterization and
program characterization. We first describe the programs and
the systems used for validation of the proposed model. Next,
we discuss an extensive validation of the model parameters
for each of the hypothesis presented in Section III-C. Next,
we present the validation results of the model outputs against
direct measurements from hardware counters.

A. Workloads and Setup

While our approach is applicable on generic shared-memory
parallel programs, we selected a representative subset of six
benchmark programs from NASA Parallel Benchmark (NPB)
suite [32] for presentation in this paper. This subset was chosen
to represent different program demands on both CPU and
memory resources. These programs also exert different inter
and intra-core resource demands as shown in the paper. A brief
description of the programs and their input sizes for class A
is shown in Table 2.
While the table lists the program input size for only class

A, the problem sizes for class A,B and C used are in the
ratio 1:4:16. We use the OpenMP version of the program and
executed it in the native mode on the Xeon Phi coprocessor.
The programs are compiled using the Intel compiler for C and
Fortran, with full optimizations -O3 and the MIC flag -mmic.
The experiments were conducted on a system consisting

of an Intel node with a Xeon Phi card based on the MIC
architecture. The host system has 128GB of main memory
and a dual-socket Intel Xeon E5-2680 processor operating at
2.7GHz. The Xeon Phi card is based on the 5110P coprocessor
with 60 cores operating at 1.053 GHz. The card has 8GB of
GDDR5 memory and is connected to the host through PCI
express. Table 3 summarizes the systems used.

Program Description Problem
Size (A)

BT Dense linear algebra: use matrices/vectors to store data 643

EP Embarrassingly parallel: low data dependency, low memory 228

FT Spectral methods: fast Fourier transform 2562X128
IS Parallel sorting: bucket sort on integers 223

CG Sparse linear algebra: data with many 0 values 14000
LU Lower-Upper Gauss-Seidel solver 643

Table 2: Programs

B. Model Parameterization

1) Work Cycles per Instruction (WPI): To validate our
hypothesis of constant WPI as workload scales from Ps

to P, we use hardware performance counters from PAPI to
measure the cycles, instructions and determine WPI across

System Host MIC coprocessor
Intel Xeon E5-2680 Intel Xeon Phi 5110P

ISA x86 64 x86 64
Cores 8 60
Threads/Core 2 4
Clock Frequency 2.7 GHz 1.053 GHz
L1 data cache 32kB / core 32kB / core
L2 cache 256kB 512kB
L3 cache 30MB NA
Memory 128GB 8GB

Table 3: Intel node with MIC coprocessor
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Figure 3: WPI validation

problem input sizes. Figure 3 plots2 the WPI for problem
sizes from A to C and shows that while the input sizes for
the programs scale from 1 to 16 times, the WPI remains
approximately constant. Thus, we measure WPI for class A
and use it to predict the work cycles for program input sizes
B and C using Equation 4. Next, we show the validation results
of determining instructions for a larger problem size using a
scaling factor.
2) Instruction Scaling: The proposed approach is practical

because it uses the measured parameters by executing pro-
grams with smaller input sizes, and then determines time and
energy-efficient configurations to execute the program with
the scale-out problem size. Figure 4 plots measured versus
predicted number of instructions for CG and FT with input
size B using the measured values of class A. This validates
the application of our approach and the usage of the scaling
factor S to determine the useful work cycles using Equation 5.

3) Cache Accesses: The memory response time due intra-
and inter-core contention depends on the number of requests
to memory, model parameter, λ. Here, we show the validation
of determining these model parameters for scale-out problem

2The WPI of the IS program for classes A, B and C is very close to EP and
the WPI of the FT program for classes A and B is very close to CG. Thus
these programs are not shown in the plot for better clarity. The FT program
for input size C does not compile for the Xeon Phi system due to relocation
overflows.

90



 100
 200
 300
 400
 500
 600
 700
 800
 900

 1000

 50  100  150  200  250

Number of threads

FT

 1000
 2000
 3000
 4000
 5000
 6000
 7000
 8000
 9000

 10000

In
st

ru
ct

io
ns

 p
er

 th
re

ad
 [1

06 ]

FT

CG Measured
Predicted

Figure 4: Validation of instruction scaling

sizes using the baseline measurements for smaller program
size, Ps. Figure 53 plots the measured versus predicted number
of cache accesses for the programs FT and IS with input size
as class B. The model predicts the class B values using the
measurements from class A, which is four times smaller than
class B. This validates the application of our approach and the
usage of the scaling factor S to determine the model parameter,
number of cache accesses used in Equations 7 and 10. While
all the programs have a scaling factor of four, program CG
accesses much more data in B compared to A and while the
scaling factor for instructions is four, a separate scaling factor
of 25 is used for data accesses.
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Figure 5: Validation of cache accesses

C. Execution time Validation

We use cycles as a handle for execution time. In this section
we show the validation results for the cycles per thread for a
single iteration of the program with problem size of class B.
Extensive validation has been performed for all the programs
in Table 2 across all possible configurations and the average
error between the model and the measured values is shown

3While Figures 4 and 5 show the plots for a subset of programs due to
paucity of space, the results for all the programs are shown in Table 2.

in Table 4. Figure 6 and 7 show the validation results for
the total cycles executed by programs LU, BT in scatter mode
and programs FT, EP in compact mode respectively, as these
programs have the worst average error.
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Figure 7: Validation results for compact thread affinity mode

Program Average error [%]
Compact Scatter

BT 7 8
EP 14 4
FT 15 8
IS 4 6
CG 1 6
LU 11 11

Table 4: Validation results

1) Sources of Inaccuracy: We identify three factors that
affect the accuracy of the model. Firstly, the most significant
source of error comes due to irregularities during different
executions of the same program from the operating system
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overheads. The measured values of execution time and energy
show irregularities of up to 10% for different runs of the same
program. Secondly, there are irregularities in both inter and
intra-core contention for shared-memory due to the shared ring
architecture as the shared data could be residing in either the
neighbouring core or in the core that is half the distance of
the ring from the current core. These irregularities vary the
service time parameter of the memory and hence result in
model errors. Thirdly, the model does not account for thread
synchronizations and waiting time due to these barriers, which
leads to loss of accuracy.

V. ANALYSIS

In this section, we apply our model to study the energy
efficiency of different configurations in MIC architecture sys-
tem under a given service time deadline. We first show how
our model can be applied to determine Pareto-optimal system
configurations to execute a HPC program on MIC architec-
ture system. Next, we present the performance-to-power ratio
(PPR) of the MIC architecture system and determine the
impact of PPR on the Pareto-optimal configurations.

A. Pareto-optimal Configurations

Similar to the Pareto frontiers in heterogeneous systems as
reported in our earlier work [25], time-energy efficient Pareto-
optimal configurations are also exhibited by MIC architecture
systems executing HPC parallel programs as shown in Fig-
ures 8 and 9. These Pareto-optimal configurations are energy
efficient as they consume the minimum energy for a given
execution time deadline or execute in the minimum possible
time for a given energy budget.
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Figure 8: Pareto-optimal configurations for executing BT

Figures 8 and 9 present the execution time and energy used
to execute parallel programs BT and FT respectively on all 477
possible configurations4 of a MIC architecture system. Each
of these configurations is a tuple consisting of the number

4c ∈ [1, 2, 3, .., 60], τ ∈ [1..4], mode ∈ [scatter, compact], 60× 4× 2 =
480; c = 1, τ = 1 ; c = 59 with τ = 4, & c = 1 with τ = 3; and
c = 60, τ = 4 are the same in both modes, resulting in 480 − 3 = 477
configurations.
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Figure 9: Pareto-optimal configurations for executing FT

of cores and the number of threads per core (c, τ ), based on
the thread affinity mode. Given an execution-time deadline,
there exist a set of configurations that meet this deadline.
The configuration that meets the deadline with the minimum
energy usage is Pareto optimal. The set of all Pareto optimal
points across all possible deadlines forms the time-energy
Pareto frontier.
Counter-to-intuition, as the execution-time deadline is re-

laxed, the configurations have lesser number of cores and
threads but surprisingly use lesser energy. Reducing the num-
ber of cores decreases the average power used but increases
execution time, and thus it is expected that the energy will
be constant. Although reducing the number of cores causes a
linear decrease in the power used, the effect on the execution
time is non-linear and is characterized by the inter-core
contention for shared resources such as memory (Tinter).
In the next section, we discuss the performance-to-power

ratio metric and show how this metric is useful to determine
the existence of Pareto-optimal configurations for a given
program executing on accelerators with MIC architecture.

B. Performance-to-power Ratio

PPR is defined as the work done per unit of time, normalized
by the average power consumption. This is equivalent to the
work done per unit of energy and defined as,

PPR =
Throughput[operations/s]

Power[W ]

where throughput denotes the number of useful operations
performed by the system per unit time5. This metric is also
used in SPEC benchmark [29]. The floating point operations
are used as the useful operations and the computed PPR
for millions of floating point operations for all the programs
considered in this paper across different number of active
cores, for scatter and compact affinity modes with τ = 1 and
τ = 4 respectively are shown in Table 5.
We observe that increasing the number of cores with τ = 1

(scatter affinity) decreases the PPR, because execution time
decreases sub-linearly while power increases linearly thus

5A bigger value is better
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Program Mega-operations PPR [Mops/J]
(Mops) 1 core 4 cores 16 cores 60 cores

τ = 1 τ = 4 τ = 1 τ = 4 τ = 1 τ = 4 τ = 1 τ = 4
BT 702,200 2.81 6.18 2.68 5.12 2.25 3.79 1.56 1.49
EP 2,147 0.06 0.14 0.06 0.13 0.06 0.11 0.06 0.07
FT 92,049 1.40 4.20 1.36 3.36 1.21 2.15 0.73 0.61
IS 335 0.10 0.20 0.09 0.20 0.08 0.18 0.07 0.08
CG 54,708 0.14 0.60 0.17 0.68 0.15 0.61 0.15 0.45
LU 498,816 1.83 4.20 1.67 3.36 1.39 2.26 1.06 0.83

Table 5: Performance-to-power ratio

resulting in an increase in energy, with the exception of the
CG program. For the CG program, the execution time is much
higher compared to the power of the Xeon Phi. Therefore,
increasing the number of cores decreases the execution time
by a larger ratio compared to the increase in power and thus
reduces the total energy resulting in a better PPR.
For a given number of active cores, increasing the number of

threads from one to four, improves the PPR as seen in Table 5.
This is intuitive because the increase in power consumed by
the core increases marginally, while the execution time de-
creases by at least a factor of two [7], [16]. This improvement
in PPR is for smaller number of active cores, because as
the number of active cores increases, the sequential fraction
becomes the bottleneck, resulting in an increase in energy and
thus reduction in PPR, as seen from results in Table 5 for
c = 60.
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Figure 10: Pareto-optimal configurations for executing CG
with scatter affinity mode

Next, we discuss the conditions under which a coprocessor
with MIC architecture exhibits a Pareto frontier. To assess the
impact of PPR, we analyse the Pareto-optimal configurations
for the CG program as this program exhibited an improvement
in PPR with increase in the number of active cores. Figures 10
and 11 plot the execution time and energy used across all
possible configurations to execute the program CG with only
scatter mode and both modes respectively. As observed from
the plots, while there are many Pareto-optimal configurations
for the CG program, when we consider only the scatter thread
affinity mode, there is a single Pareto-optimal configuration.
This scatter mode configuration uses 238 threads implying 58
cores with four active threads and two cores with three active
threads.
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Figure 11: Pareto-optimal configurations for executing CG

The addition of the compact thread affinity mode exposes
many more Pareto-optimal configurations as illustrated in Fig-
ure 11. These configurations are due to increasing the number
of threads per core, with the number of active cores ranging
from four to 60 cores, between the Pareto-configurations with
the maximum and the minimum execution time. Thus, users
of coprocessors with MIC architecture systems executing HPC
applications can apply our approach to determine the thread
affinity mode to use and the number of threads to execute
their program with the best possible execution time and/or
consuming the minimum possible energy.

a) Impact on Energy Savings: The existence of the
Pareto frontier and using Pareto-optimal configurations for
executing a program imply two options for saving energy.
Firstly, for a given execution time deadline, using a Pareto-
optimal configuration instead of a non-optimal configuration
results in energy savings. For example, to execute the CG
program within 17 seconds, while a non-optimal configuration
with 192 threads6 using scatter mode can consume up to
150kJ, a Pareto-optimal configuration with 187 threads7 using
compact mode consumes only 112kJ, thus resulting in energy
savings of 25%.
Secondly, for configurations on the Pareto-frontier, signifi-

cant energy savings can be obtained by trading-off execution
time by a negligible amount. For example, to execute the BT
program within 45 seconds, energy savings of 14% can be
obtained at the expense of a 1% increase in execution time as
illustrated in Figure 8.

6This configuration uses 12 cores with four threads per core and 48 cores
core with three threads each.

7This configuration uses 46 cores with four threads per core and one core
with one thread.
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VI. CONCLUSIONS
While intra-node heterogeneous systems such as systems

with MIC architecture coprocessors offer accelerated perfor-
mance, users have to determine the time-energy optimal set of
number of cores (c) and threads per core (τ ) for executing the
program in an energy-efficient manner. This paper presents an
approach to determine time-energy Pareto-optimal system con-
figurations (c, τ ) for executing a parallel program on systems
with MIC architecture using a measurement-driven analytical
model.
The proposed model addresses the effects of both TLP

within and across cores by considering inter and intra-core
resource overlaps, memory contention among threads within
a core and contention across multiple cores. Validation of the
proposed approach for a range of HPC programs against direct
measurement on Intel Xeon Phi coprocessor show an average
error of up to 15% between the predicted and measured values.
We show that a Pareto frontier consisting of time-energy

Pareto-optimal configurations exist for a parallel program
executed on a MIC architecture system. These configurations
either consume minimum energy for a given execution time
deadline, or execute in the minimum possible time for a
given energy budget. Hence, HPC users can easily apply
our approach for time-energy efficient execution. To further
understand the Pareto frontier, we use the performance-to-
power ratio metric (PPR), that quantifies the amount of useful
computations performed per unit energy used in an execu-
tion. Furthermore, we show the use-case of our approach to
determine energy-efficient system configurations to execute
programs on accelerators such as Xeon Phi and save energy.
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