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This paper concerns the design space exploration (DSE) of Reconfigurable Multi-Processor
System-on-Chip (MPSoC) architectures. Reconfiguration allows users to allocate optimum
system resources for a specific application in such a way to improve the energy and throughput
balance. To achieve the best balance between power consumption and throughput performance
for a particular application domain, typical design space parameters for a multi-processor ar-
chitecture comprise the cache size, the number of processor cores and the operating frequency.
The exploration of the design space has always been an offline technique, consuming a large
amount of time. Hence, the exploration has been unsuitable for reconfigurable architectures,
which require an early runtime decision. This paper presents Approximate Computing DSE
(AC-DSE), an online technique for the DSE of MPSoCs by means of approximate computing. In
AC-DSE, design space solutions are first obtained from a set of optimization algorithms, which
in turn are used to train a neural network (NN). From then on, the NN can be used to rapidly
return its own solutions in the form of design space parameters for a desired energy and
throughput performance, without any further training.
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1. Introduction

In the past, computing platforms have always been developed with accuracy in mind,
following the principle that every digital computation must be executed correctly.
Conversely, there are now computing platforms capable of “Approximate
Computing”*
accuracy. This is possible owing to the fact that certain applications do not require
strict accuracy but rather a limited accuracy or inexactness. For example, 12
applications, when analyzed for their resilience to inaccuracies,? were found to be
suitable for approximate computing. These included the following: image searching,
image segmentation, eye recognition and document searching, all of which are
mainstream applications. By means of Approximate Computing for Design Space
Exploration (AC-DSE) of Multi-Processor System-on-Chips (MPSoCs), we show
how to obtain approximate design space solutions with respect to two desired
objectives i.e., energy consumption and throughput. That is to say, DSE itself is
treated as an application that is suitable for approximate computing. To our
knowledge, this is the first implementation of approximate computing in the area of
multi-objective DSE for MPSoC reconfiguration.

To identify design space solutions, we first apply various optimization algorithms,
i.e., Nondominated Sorting Genetic Algorithm-IT (NSGA-II), Multi-objective Sim-
ulated Annealing (MOSA), Multi-objective Particle Swarm Optimization
(MOPSO), Adaptive Windows Pareto Random Search (APRS), Simple Evolution-
ary Multi-objective Optimizer (SEMO), Fair Evolutionary Multi-objective Opti-
mizer (FEMO) and Greedy Evolutionary Multi-objective Optimizer (GEMO) (refer
to Sec. 3.3). The existing optimization algorithms can be run in time-parallel fashion.
These solutions in turn form the input for training a neural network (NN) and in
return, we obtain approximate solutions for the desired objectives, i.e., improved
energy consumption and throughput. The gain from this procedure is two fold: (1)
the NN is trained as per knowledge of established artificial intelligence (AI) algo-
rithms without implementing the algorithms in real-time, thus avoiding excessive
computational complexity and (2) the good-enough approximate solution helps the
real-time implementation of the DSE process, so that the MPSoCs can be configured
for a particular application.

It is important to understand, that though existing optimization algorithms are
still first employed, once the NN is trained, these algorithms are no longer needed. As
a result, the NN can quickly find the design space parameters for any reasonable
combined energy and throughput goals. Because it is usual to explore different trade-
offs between energy, throughput and the resources needed in an MPSoC configura-
tion, the NN method saves time whenever a new configuration is sought. If only one
configuration is sought, then obviously there is no time saving. However, if the
MPSoC is to be reconfigured for many different applications each with different
energy and throughput characteristics, then the saving in time will accumulate.

in order (say) to increase energy consumption efficiency at the cost of
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The saving will be greater if the original optimization algorithms are run in time-
parallel fashion because obtaining the initial inputs take the duration of the longest
algorithm, not the time for running each optimization algorithm in turn. The NN
does not directly search for an optimal solution but obtains an approximate solution.
Consequently, the main concern, which the results in this paper concentrate on, is
the accuracy of an NN solution compared to the average solutions provided by the
optimization algorithms. In this paper, the NN arrives at approximate solutions that
differ by no more than 10% when compared to the average of the original inputs to
the NN. In other words, AC-DSE represents a good compromise between accuracy
and the desirable real-time operation.

For a computing platform architect, the values of parameters such as cache size,
number of processor cores and operating frequency are critical to the success of a
configuration. Most research in this domain has focused on a verification method-
ology based on either Transaction Level Modeling (TLM)* or virtualized plat-
forms.*® Unfortunately, a single configuration can take several hours for
complete evaluation to take place, compared to a typical few seconds of NN opera-
tion. The process of exploring a number of configurable parameters in order to strike
a balance between the energy and the throughput of the system is termed DSE.°
DSE is normally considered to be a design time, offline technique. Thus, existing
DSE methods can be time-consuming and offline, while the proposed NN-
based method, once the NN is trained, is more rapid and can be performed in
online fashion.

In the case of reconfigurable MPSoCs, online operation is particularly desirable.
Reconfigurable multi-processor architectures, owing to their ability to adapt to per-
application requirements, provide a better application-specific performance/power
ratio’ than static architectures of this type. An efficient multi-processor architecture
according to the workload requirement will be the one that can optimize the number
of processor cores, the size of cache memory and operating frequency (or some other
parameter, for example, cache associativity or memory bandwidth). Thus, it is, that
in the case of energy-aware reconfigurable architectures, an early decision which is
often required to evaluate the impact of a particular configuration beforehand.® As a
result, an efficient online technique has always been sought after in order to assist the
reconfiguration engine. Furthermore, existing DSE mostly consists of solving a multi-
objective optimization (MOOQ) problem,’ which implies concurrent optimization of
conflicting objectives. Hence, these problems mostly have various optimal solutions
rather than one single, perfect solution. The solution set is called a Pareto set and the
respective solutions are called Pareto-optimal solutions.'’ Therefore, approximate
computing is indeed suitable for MPSoC DSE: not only are rapid configuration
decisions required but a set of optimal solutions is obtainable as input to the
approximate computing engine.

Multi-processor architectures have entered the mainstream as a way to increase
performance within an SoC platform.'! When it comes to the efficiency of an
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MPSoC, energy consumption and throughput are considered to be the key objective
parameters, judging by the number of researchers who have paid attention to these
parameters (see Sec. 2). Moreover, there exists a trade-off between these two
objectives.'? It is a challenge to resolve that trade-off, which has led many researchers
and engineers to apply themselves to this area. Thus, many techniques have evolved
and been employed and some of these have been commercialized.'*'* Approximate
computing, through NNs, represents a new way to address the trade-off. It enables an
efficient hardware and software implementation of a processor by approximation of
the configuration calculations for an embedded application.'’
This paper contributes to the state-of-the-art by

e solving the problem of parametric design of a multi-processor architecture using
approximate computing for combined energy and throughput efficiency, which is
to our knowledge the first such application;

e making a decision using a knowledge-base generated from the outputs of seven
different optimization algorithms, i.e., NSGA-II, MOSA, MOPSO, APRS, SEMO,
FEMO and GEMO;

o using the NN technique, the simulation latency of all the algorithms can be offset
and the NN can generate quasi-optimal results in real-time.

o as the knowledge-base already supplies a range of optimal solutions (according to
the seven existing algorithms), showing in the results how close the NN output
approaches the input from these algorithms.

The rest of the paper is organized as follows. Section 2 is a review of the research
literature with respect to approximate computing and DSE. Then, Section 3 explains
why the chosen design space metrics were selected. Section 3 goes on to explain the
methodology employed to construct and evaluate AC-DSE, including optimization
algorithms, benchmarking applications and the NN training process. AC-DSE was
then evaluated and selected results are presented in Sec. 4. As the NN runs much
faster than any of the optimization algorithms, we concentrate in the evaluation on
how closely the NN output approximates to optimal energy and throughput goals.
Finally, Sec. 5 rounds off this paper with concluding remarks.

2. Related Work

The drive towards low-power processing has challenged designers and researchers to
optimize every component of the processor.! However, if energy is optimized,
throughput decreases, which overall may result in a limited gain. Thus, there is a
need for joint optimization of energy and throughput. DSE serves as a tool for
such system optimization by exploring multiple design parameters such as cache
size, the number of cores and the operating clock frequency,'”

this paper. This section presents DSE research in the area of approximate

as indeed, we do in
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computing: approximate computing’s usage for various applications; and the dif-
ferent optimization algorithms and tools that have been developed.

Approximate computing has attracted the attention of engineers and researchers,
owing to its capability to trade-off computational accuracy for energy efficiency and/
or throughput gains.'® Thus, in this research, energy and throughput are emphasized
at a cost in application accuracy, which differs from our usage of approximate
computing in which computational accuracy is traded-off against real-time opera-
tion. Nevertheless, approximate computing for energy reduction remains indirectly
relevant for the techniques employed.

2.1. Approximate computing

An under-designed architecture has been proposed'? that guarantees the correctness
of operations performed on the most significant data, while allowing approximation
for the less significant data. The proposal achieved up to 35% energy savings with
the significance-based computing. Then Moreau et al.?® implemented Systolic NN
Accelerator in Programmable logic (SNNAP) on the Zynq SoC and demonstrated an
average of as much as 3.8 times speedup and 2.8 times energy savings on average over
software execution by using approximate computing techniques. Venkatesan et al.?!
proposed constructing an untimed circuit that represents the behavior of an ap-
proximate circuit and provided an evaluation methodology to compare the
approximate circuit with the original implementation. Sjalander et al.>? considered
the design of a tunable cache memory hierarchy that could be achieved by a com-
bination of approximate computing and emerging multi-value devices. Moreover,
they reduced the amount of error by storing approximate data in quaternary format
and precise data in binary format. Gopalakrishnan et al.?® implemented an auto-
mated differential verification which could make formal guarantees of program
approximations.

As will already be apparent, much of the research into approximate computing
is to identifying suitable applications and to reducing the error resulting from
approximate operation. Chippa et al.? presented a technique for characterizing error
resilience in applications that are based on approximate adders. Then, Grigorian
et al.>* presented a methodology for performing adaptive error analysis and recovery
based on high-level, application-specific metrics or Light-Weight Checks (LWCs).
They exploited imprecision tolerance at the application level. The resulting meth-
odology adapts to output quality at runtime, providing a guarantee for the worst-
case application-level error. The metrics are integrated with applications to enable
compatibility with any approximate acceleration technique. The authors claimed?*
that their approach effectively employs LWCs to minimize the overhead from error
analysis and initiates recovery according to need. Mishra et al.?® discussed Intel ™’s
Approximate Computing Toolkit (1ACT), which is targeted at analyzing approx-
imations in applications. Pekhimenko et al.?® proposed a system for applying the idea
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of approximate computing to predict the cache miss ratio in order to reduce the
overall memory latency by trading-off application accuracy. Their results show that
they predicted 62% of Level 1 (L1) cache misses resulting in a 12.5% speedup.
Additionally, 56% of L2 cache misses were predicted, leading to a performance
improvement of 69%.

2.2. Design space exploration

DSE for MPSoCs, as developed in this paper, is an important field of research, aimed
at achieving higher throughput with lower energy consumption. Many optimization
algorithms have previously been used by researchers to explore an optimal design
space for different reconfigurable architectures. Givargis et al.?” proposed Platune,
which is an optimization framework that exploits the concept of parameter inde-
pendence to differentiate between approximate Pareto curves without performing an
exhaustive search over the whole design space. Platune offered many configurable
parameters and subsequently pruned the search space by isolating interdependent
parameters from independent parameters. However, the level one cache parameters,
being dependent, were explored exhaustively. Nonetheless, Platune is not a general
framework because only design space exploration for MIPS-based systems is possible.
Moreover, performance comparisons with other simpler techniques, i.e., random
search or full parameter space exploration, were not presented.?” Alternatively,
Palermo et al.”® demonstrated a discrete particle swarm optimization (DPSO)
methodology for MOO of various search-space parameters by using aggregation
techniques and formulating PSO for the multi-objective domain. Their main focus
was intended to optimize energy consumption, but energy consumption minimiza-
tion without affecting throughput is actually not possible.?’

Various optimization techniques have been tried out in the quest for approximate
computing. In Ref. 30, Wang et al. employed ant-colony optimization for DSE to
minimize the completion time of applications, while effectively utilizing computa-
tional resources. Their method®’ focused on achieving a trade-off between hardware
cost and timing performance. Then, Beltrame et al.*' used design-time analysis
strategies to generate multiple mappings for the application for multi-processor
platforms. They minimized the number of simulations needed to detect the mappings
while providing energy/delay trade-offs. The authors explored two design para-
meters, i.e., the optimum number of processors and cache sizes. Genetic algorithms
are another natural-world optimization algorithm, along with fuzzy logic, NNs and
ant-colony. Palesi et al.*? utilized genetic algorithms for DSE of parametrized SoC to
find Pareto-optimal configurations.

Frameworks and toolsets have also appeared in recent research into DSE.
Calborean et al.** proposed a new software tool named Framework for Automatic
DSE (FADSE). This tool solves single and MOO problems but the tool is not capable

of handling large design spaces. Kang et al.'” presented a search and Machine

1850145-6



JCIRCUIT SY ST COMP Downloaded from www.worldscientific.com
by UNIVERSITY OF NEW ENGLAND on 01/18/18. For personal use only.

Design Space Ezxploration of Reconfigurable MPSoCs

Learning-based Framework for Fast Multi-core DSE and Optimization (Magellan).
Magellan can be used as an automated tool for exploration/optimization. Zaccaria
et al.** presented Multi-cube Explorer, which is an open-source framework for
the DSE of MPSoCs. It enables the designer to automatically explore a design
space of configurations for a parametrized architecture. It is command-line/script
driven and can be integrated with any configurable simulator. Further, Ortego
et al.*® developed SuperESCalar Simulator (SECS), which is a microprocessor ar-
chitectural simulator. It models a full out-of-order pipeline with branch prediction,
caches, buses and every other component of a modern processor necessary for
accurate simulation.

However, in the literature, to our knowledge, we have not found any technique,
whether offline or online, that uses approximate computing itself to explore
design space parameters to target minimum energy consumption and higher

throughput.

3. Methodology

With the ever increasing complexity of MPSoCs, a variety of design space para-
meters can be considered to best fit the trade-offs involved to achieve a set of desired
objectives. This process is known as DSE involving a MOO problem. It is generally
recommended to remove some parameters of least interest from the design space. In
our paper, we have scaled down the design space to only include those parameters
that are expected to have a significant impact on energy consumption and
throughput. Hence, cache size, number of processor cores and clock operating fre-
quency were chosen as the configurable parameters in the design space of MPSoC
architecture. The importance of these three parameters is as follows:

(1) Simply increasing the number of cores will not necessarily increase the
throughput according to Amdahl’s law for speedup.® Speedup is dependent on
the fraction of code that is parallel and the number of processing elements. For
example, synchronization of operations on different processing elements is a se-
quential overhead, as is any communication of intermediate results between
those elements. Therefore, the number of cores for any application needs to be
chosen carefully. The set containing the number of cores can be represented as
{1,2,3,..., N}, where N is the highest number of cores that the architecture can
use while being configured.

(2) Cache size is considered to have a significant impact on cache performance and
energy consumption.®” The L, cache sizes considered herein can be represented
in the form of 2% KB, where k =0,1,2,...,k.

(3) Energy consumption depends upon the rate of memory accesses.”**’ Conse-
quently, the frequency at which a program executes significantly affects energy
efficiency and throughput. Hence, frequency scaling is always catered in a
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reconfigurable architecture. Therefore, the CPU frequency is included in the
design space of this paper and a set of operating frequencies for the architecture
can be represented in the form of F = {f}, f5, ..., f;}, where i can be any positive
integer number.

3.1. DSE objective

Energy consumption has always been a key concern in reconfigurable architectures.
However, it is known that a reduction in energy consumption without affecting
throughput is impossible. With a decrease in energy consumption, the throughput
decreases. Therefore, it is necessary to strike a balance between these two objectives,
i.e., energy and throughout. As mentioned in Sec. 1, in the past, DSE has consisted of
offline techniques that in general take a significant amount of time to complete
evaluation for a single configuration. Hence, DSE has always been a time-consuming
process. On the other hand, reconfigurable processor architectures require design
parameters at runtime in order to evaluate the impact of these parameters at an early
stage. Therefore, an online technique to assist modern energy aware reconfiguration
engines at runtime is required. The DSE objective can be formally represented as
follows:

minimize E(X),

X
F(X) = 1
(X) maximize T(X), (1)
X
where X = {x1,Xs,...,Xp}-

In Eq. (1), E(X) and T(X) are the functions representing energy consumption
and throughput, respectively. X represents the configuration being evaluated, con-
sisting of design variables, i.e., the number of cores, the cache size and the operating
frequency. D is the total number of design variables, i.e., D = 3 in AC-DSE.
Therefore, x; is the number of cores, x, is the cache size and x5 is the operating
frequency.

3.2. AC-DSE in more detazl

AC-DSE obtains design space solutions through a variety of optimization
algorithms, which have been evaluated by standard benchmark tools such as
SPLASH-2."' The optimization algorithms and benchmarking tools are further
escribed in Secs. 3.3 and 3.4. The design space solutions act as training material for
an NN. Sample input to the NN is shown in the appendix (Tables A1, A2, and A3).
Figure 1 shows the composition of the NN of the AC-DSE in which the trained NN is
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Fig. 1. Proposed NN.

Table 1. NN parameters.

Network type Feed-forward back propagation
Input parameters 2

Output parameters 3

Training algorithm Bayesian regularization
Performance function MSE

Number of neurons (hidden layer) 20

Network layers 2

Transfer function Logistic

required to provide the optimum design space parameters for a desired energy con-
sumption and throughput.

The operating configuration of the NN appears in Table 1. Input parameters to the
NNs are the desired energy consumption and throughput and the three output
parameters are the design space parameters. Empirically, it was seen that the input
data best fit a log function. Therefore, the transfer function used is the logistic re-
gression. From trial tests, these parameters appear to be the most suitable parameters
for the given data sets and for training the network. Moreover, these parameters train
the network well in the sense that they prevent an over-fit or an under-fit.

3.3. Optimization algorithms

DSE mostly considers MOO problems, which imply concurrent optimization of
conflicting objectives. Hence, these problems mostly have various optimal solutions
rather than one single solution. As previously mentioned in Sec. 1, the solution set is
known as a Pareto set and the respective solutions are known as pareto-optimal
solutions. In AC-DSE, the goal is to use as many as possible of these optimal solu-
tions generated by various established optimization algorithms as a knowledge-base
to train an NN.

This section now presents the optimization algorithms considered for exploration
of the design space.

(a) NSGA-II: This algorithm is an evolutionary algorithm that is based on the
Darwinian theory of survival of the fittest.’? It uses nondominated sorting. The
genetic operators, selection, cross over and mutation, select individuals and
cause the formation of new populations.

1850145-9
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(b)

MOPSO: PSO is a meta-heuristic that mimics the behavior of birds searching
for food.*® The concept of social interaction is applied in this algorithm for
problem solving. The number of particles constitutes a swarm moving around
the search space to find the optimal solution. Each particle in the swarm has a
particular position and velocity. The particles exchange this information with
each other to arrive at the best solution.

MOSA: Simulated annealing is motivated by the annealing process of heated
solids. In this algorithm, annealing temperature plays a vital role in the ac-
ceptance criterion.** The temperature is gradually reduced to get the desired
results. A new configuration is constructed in this algorithm by imposing a
random displacement.

APRS: This algorithm has a dynamic window size.*® The size of window is
reduced as the number of iterations increases and also depends upon the
goodness of design point found in the current window. The windows are centered
on the current pareto solutions and the new configurations are randomly
selected within the windows.

SEMO: This algorithm is a population-based multi-objective evolutionary al-
gorithm.“® It consists of a variable size population and stores all nondominated
solutions. A genetic mutation is applied on a parent drawn from a randomly
chosen population according to some probability distribution. The child is in-
cluded in the population if no other population dominates it and its objective
function value is not already present.

FEMO: This algorithm is an improved version of SEMO.*" A fair selection
strategy is implemented in this algorithm by counting the number of times an
individual has undergone mutation. It guarantees the individual that has pro-
duced the least number of children is selected for mutation; ties are broken
randomly.

GEMO: This algorithm is an extended version of FEMO.*® In it, the offspring
of the most recently successful mutant is selected and all the search effort is
allocated to it.

3.4. Benchmark applications

Benchmarks are the standard tools for the performance evaluation of a micropro-
cessor. For evaluation of the design space, a number of benchmark applications were
used from SPLASH-2,*! the benchmarking suite. Refer to Table 2 for a run-down of
these applications.

3.5. Learning algorithms

For training the NN, Bayesian regularization acted a learning algorithm. This
algorithm gives optimal regularization parameters in an automated fashion.”
In Bayesian regularization, the weight and bias values are updated according
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Table 2. Benchmark applications from SPLASH-2.

Benchmarks Description

FMM Implementation of a parallel adaptive fast multi-pole method to simulate the N-body
problem.*

OCEAN Simulation of large-scale ocean movements based on eddy and boundary currents.™

BARNES Implementation of the Barnes—Hut method to simulate the N-body problem.”*

Water spatial Evaluation of the forces and potential that occur over time in a system of water

molecules using the predictor—corrector method.

Water N-squared  Imposes a three-dimensional (3D) spatial data structure on the cubical domain to
solve the molecular dynamics N-body problem.

Cholesky Implementation of blocked Cholesky factorization on a sparse matrix.””

LU Factorization of a dense matrix into the product of a lower triangular and an upper

. . 50
triangular matrix.”

to Levenberg—Marquardt,” which is an algorithm that trains NNs 10 to 100 times
faster, as compared to the commonly used gradient-descent, back-propagation
method. After minimizing the squared errors and weights combination, the algo-
rithm discovers the optimal combination to make a network that generalizes well.
Moreover, while employing Bayesian regularization, training of the network until it
reaches convergence is very important. When the network has converged, the sum
squared error, the sum squared weights and the effective number of parameters
should reach constant values. A better generalized performance is given by Bayesian
regularization when used as a training function because it uses all the data and does
not require separating the validation data out of the training set.

3.6. Simulation setup

The overall workflow of the simulation is summarized in Fig. 2. In AC-DSE, the goal
is to use optimal solutions generated by various genetic algorithms as a knowledge-
base to train an NN. After setting up a simulator to construct an NN, various genetic
algorithms operating on SPLASH-2 benchmarks were employed to generate the
training data for the NN, shown as input to the NN in Fig. 2. Once the NN is trained,
it is possible to enter an arbitrary desired energy constraint and throughput con-
figuration into the NN. The trained NN is then able to output a design space solution
that specifies the number of cores, operating frequency and cache size (the output
hypothesis of Fig. 2). Thus, once the NN is trained, it can be used repeatedly and will
return different design space solutions in response to different desired input config-
urations. Furthermore, there is no restriction to inputting a configuration from the
appendix, as the input configuration is not constrained by the training set. Though in
Sec. 4, input from the Appendix (Tables A1, A2, and A3) test set (not the training
set) was used to check the operation and accuracy of the NN, a trained NN operates
independently of its input configuration.”® Clearly, however, the NN is restricted to
this application, as it will only accept as input an energy constraint with throughput
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Design Of Experiment
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Network Input
Energy/Throughput

Learning Algorithm
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Predicted Output
e Number of cores
s (Cache Size

* Frequency

Fig. 2. Overall workflow.

configuration and will only output a solution specifying the same three parameters,
namely, the number of cores, operating frequency and cache size.

To explore the design space parameters Multi-cube/M3 Explorer, a DSE frame-
work, was integrated with the SESC simulator,*® which is an event-driven micro-
processor architecture simulator. The targeted operating system was Ubuntu 13.10
(kernel 3.1.1, on an Intel Core i5, with 16 GB RAM, running at 3.2 GHz). Multi-cube
explorer requires a script file in which the optimization algorithm (see Sec. 3.5) is
specified along with the experimental design. A design space definition file is also
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required by Multi-cube explorer (M3Explorer)”® in which design space parameters
and objective parameters are specified. M3Explorer generates optimal design
solutions that meet AC-DSE’s objectives in a Pareto set. SPLASH-2 benchmark
applications (see Sec. 3.4) are run on the SESC simulator by taking virtual hard-
ware parameters generated as a solution set by M3Explorer. SESC simulates
benchmarks and results in an output configuration file having energy and number of
cycles consumed by the application. The design space parameters with their
respective energy consumption and throughput (see the appendix (Tables Al, A2,
and A3)) train an NN with the parameters shown in Table 1. Finally, as previously
mentioned, the NN generates a hypothesis, i.e., the number of cores, cache size and
operating frequency required.

4. Findings

This section describes the verification of the detailed evaluation of the approxima-
tions returned by NN and correct operation of the AC-DSE system.

4.1. Assessing the NN performance

To analyze the performance of the NN, several experiments were performed. This
section presents the results of those experiments for the NN parameters of Table 1.
It should be noted that 70% of the data given in the appendix (Tables A1, A2, and
A3) were used to train the NN and the remaining 30%, the test set, was used to test
the trained NN.

Figure 3 shows the regression plots obtained after training the NN. These three
plots represent the training, testing and complete data. The dashed line in each plot
represents the perfect regression. The solid line represents the best fit linear regres-
sion line between the outputs and targets of the NN. The value of R indicates the
relationship between network outputs and targets. R = 1 indicates that there is an
exact linear relationship between outputs and targets, whereas, R = 0 would show
that there is no linear relationship between outputs and targets. In our case, the
value of R is 0.97 and 0.98 for training and testing, respectively.

The error has been shown in Fig. 4. The solid line represents zero error and it
can be seen that most of the error lies in the range of —3 to 3. Thus, Fig. 4 confirms
that the training data were sufficient for the trained NN to be able to predict the
approximated solutions within the error range of 3% for over 90% of the samples,
which met our original specification for the AC-DSE system. Given that each of the
algorithms employed to generate the training data is a well-established way of
generating an optimized solution (refer back to Sec. 3.3), the implication of the error
statistics is that, after the training procedure, the output hypotheses of the trained
NN can be relied upon. Reducing the number of training algorithms would reduce the
accuracy of the results and vice versa increasing the number of training algorithms
holds out the possibility of improving accuracy further.
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4.2. Verifying the behavior of AC-DSE

To verify the correct behavior of the AC-DSE system, the trained NN was checked
by entering desired energy constraints and throughput from the test set. To dem-
onstrate this verification procedure, Fig. 5 shows the results of entering three dif-
ferent energy constraint and throughput configurations, which were arbitrarily
selected from the test data set. The outputs from the NN, also reported in Fig. 5,
show the approximated design/search space solutions, namely the number of cores,
operating frequency and cache size. Additionally given in Fig. 5 are the original
inputs arrived by using the optimized algorithms.

From the accompanying error percentage bar charts, it will be seen that the error
from using the approximated solutions in all cases was never greater than 10%. Also
note that the NN solutions were returned instantaneously to the user.

Figures 6-8 show input/output relationships in terms of the three input para-
meters, i.e., number of cores (i.e., Fig. 6), CPU operating frequency (i.e., Fig. 7) and
Cache size (i.e., Fig. 8), each against the two input parameters, i.e., energy
constraint and throughput. The data are also compared against the original dataset,
the pareto-optimal solutions output by the optimization algorithms of Sec. 3.3. In
most of the cases, the predicted output overlaps completely or partially the input
dataset. Thus, Figs. 68 demonstrate that, by using the trained NN (with the con-
figuration parameters in Table 1), one can jointly satisfy a desired throughput given

—@ Original Data
——® Predicted Data

Cores
oo

25

Throughput

0 0 ' Energy [J]

Fig. 6. NN output comparison for number of cores.
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an energy consumption constraint and at the same time, it comes close to an optimal
solution.

This shows the effectiveness of the proposed approach, i.e., without using the
computationally expensive algorithms, similar results can be achieved by using the
approximate computing approach in the process of DSE for multi-core architectures.

5. Conclusion

This paper presented AC-DSE, which is an online technique for DSE of MPSoCs by
means of approximate computing. AC-DSE provided a trade-off between energy
consumption and throughput by the selection of efficient number of cores, cache size
and operating frequency. It does this, after training on the inputs provided by
existing optimization algorithms. In AC-DSE, design space solutions obtained from
various optimization algorithms, i.e., NSGA-II, MOSA, MOPSO, APRS, SEMO,
FEMO and GEMO, through standard benchmark applications and simulation tools
were used. These solutions acted to train an NN.

NN results were found to only deviate at a maximum by 12% from the original
inputs from optimization algorithms, though the NN’s results, once training was
complete, took only a small fraction of the time using the optimization algorithms.
By subsequently and repeatedly using the trained NN, further solutions can be found
to meet desired energy and throughput goals in real-time, thus compensating for the
original training time.

In future work, AC-DSE will be used to explore more design space parameters
with other optimization algorithms providing inputs. However, one can already see
the effectiveness of the AC-DSE approach in terms of the limited loss of accuracy in
return for real-time operation.
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Appendix
Table A.1. Sample input part 1.

No. of cores  Cache size [KB]  Frequency [MHz| Energy [J] Throughput
16 16 70 0.632 0.866
16 64 60 0.989 0.749
3 16 80 0.449 0.236
13 16 80 0.515 0.852
14 16 70 0.614 0.786
16 64 70 0.835 0.868
2 4 80 0.088 1.007
5 16 70 0.445 0.424
16 64 70 0.852 0.873
16 4 30 2.091 0.375
1 16 80 0.263 0.141
12 16 80 0.523 0.826
14 4 80 0.662 0.926
2 4 70 0.407 0.238
1 16 80 0.047 0.905
12 256 50 1.121 0.628
1 16 80 0.047 0.904
3 32 50 0.276 0.625
3 16 80 0.135 1
3 256 50 0.297 0.625
3 32 50 0.276 0.626
3 16 80 0.134 1.002
10 8 70 0.679 0.587
12 4 80 0.699 0.785
13 4 80 0.704 0.839
8 4 70 0.424 0.881
10 8 70 0.594 0.685
8 4 70 0.588 0.635
13 4 80 0.631 0.91
8 4 70 0.417 0.877
10 8 70 0.536 0.874
8 4 70 0.429 0.872
12 4 80 0.529 0.996
10 8 70 0.536 0.873
8 4 70 0.428 0.873
10 8 70 0.679 0.587
12 2 70 0.964 0.688
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Table A.2. Sample input part 2.

No. of cores  Cache size [KB]  Frequency [MHz]  Energy [J]  Throughput
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5 16 70 0.555 0.322
2 16 50 0.16 0.61
3 2 70 0.181 0.857
10 64 70 0.553 0.879
2 4 70 0.115 0.85
10 32 80 0.443 1.005
4 64 70 0.227 0.874
3 32 50 0.276 0.625
3 16 80 0.135 1

3 256 50 0.297 0.625
3 4 80 0.134 0.996
2 2 70 0.111 0.868
3 32 50 0.276 0.626
3 16 80 0.134 1.002
13 2 70 0.978 0.727
8 2 70 0.424 0.879
10 8 70 0.594 0.685
13 2 70 0.85 0.79
10 8 70 0.488 0.877
8 2 70 0.45 0.877
10 128 70 0.686 0.88
10 8 70 0.536 0.874
10 4 70 0.535 0.872
8 2 70 0.431 0.868
10 128 70 0.679 0.875
10 8 70 0.536 0.873
10 4 70 0.536 0.871
8 2 70 0.43 0.869
10 128 70 0.68 0.875
10 8 70 0.679 0.587
12 4 80 0.702 0.781
13 4 80 0.704 0.839
8 4 70 0.424 0.881
10 8 70 0.594 0.685
8 4 70 0.588 0.635
13 4 80 0.631 0.91
8 4 70 0.417 0.877
10 8 70 0.536 0.874
8 4 70 0.429 0.872
3 4 80 0.134 0.998
2 2 70 0.111 0.869
14 16 70 0.612 0.788
14 32 70 0.765 0.79
13 16 70 0.608 0.739
12 16 70 0.6 0.694
10 16 80 0.504 0.677
11 16 80 0.508 0.733
9 16 80 0.492 0.626
8 16 80 0.488 0.562
14 16 70 0.615 0.784
8 16 70 0.572 0.493

1850145-20



JCIRCUIT SY ST COMP Downloaded from www.worldscientific.com
by UNIVERSITY OF NEW ENGLAND on 01/18/18. For personal use only.

Design Space Ezxploration of Reconfigurable MPSoCs

Table A.3. Sample input part 3.
No. of cores  Cache size [KB]  Frequency [MHz]  Energy [J]  Throughput
2 4 80 0.088 1.005
16 64 80 0.727 1.004
5 16 70 0.445 0.424
14 16 70 0.642 0.812
8 16 70 0.477 0.635
9 8 70 0.541 0.687
5 16 70 0.238 0.873
2 32 50 0.175 0.61
12 4 80 0.529 0.996
10 8 70 0.536 0.873
8 4 70 0.428 0.873
16 16 70 0.63 0.868
3 16 80 0.449 0.236
13 16 70 0.607 0.741
16 64 70 0.831 0.874
13 8 80 0.595 0.84
4 8 80 0.533 0.304
16 64 80 0.724 0.993
7 16 80 0.483 0.498
6 16 80 0.472 0.44
4 16 80 0.458 0.306
3 16 80 0.449 0.236
15 64 70 0.833 0.818
16 256 50 1.44 0.623
16 64 50 1.189 0.623
2 4 80 0.088 1.007
14 8 70 0.696 0.81
14 16 70 0.644 0.809
13 16 70 0.613 0.793
10 16 80 0.46 0.786
11 16 80 0.502 0.79
9 16 80 0.419 0.785
8 16 80 0.403 0.726
7 16 80 0.402 0.635
6 16 80 0.368 0.599
4 16 80 0.312 0.472
3 16 80 0.295 0.377
14 64 70 0.803 0.813
16 64 50 1.24 0.626
6 16 80 0.237 1.003
8 32 80 0.355 1.008
4 16 80 0.16 0.999
3 8 80 0.129 0.985
1 16 70 0.056 0.791
8 8 80 0.327 1.005
8 64 80 0.374 1.008
2 32 80 0.097 0.977
2 64 80 0.1 1
2 8 80 0.09 0.999
2 64 80 0.1 1.002
2 8 80 0.09 1
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