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ABSTRACT 

The need for application specific design of multicore/manycore processing platforms is 

evident with computing systems finding use in diverse application domains. In order to 

tailor multicore/manycore processors for application specific requirements, a multitude of 

processor design parameters must be tuned accordingly which involves rigorous and 

extensive design space exploration over large search spaces. In this thesis, we propose an 

efficient methodology for design space exploration. We evaluate our methodology over 

two search spaces small and large, using a cycle-accurate simulator (ESESC) and a 

standard set of PARSEC and SPLASH-2 benchmarks. For the smaller design space, we 

compare results obtained from our design space exploration methodology with results 

obtained from fully exhaustive search. The results show that solution quality obtained from 

our methodology is within 1.35% - 3.69% of the results obtained from fully exhaustive 

search while only exploring 2.74% - 3% of the design space. For the larger design space, 

we compare solution quality of different results obtained by varying the number of tunable 

processor design parameters included in the exhaustive search phase of our methodology. 

The results show that including more tunable parameters in the exhaustive search phase of 

our methodology greatly improves solution quality.  
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1. INTRODUCTION AND MOTIVATION 

Computing technology is used in several diverse application domains each having different 

application-specific requirements. These requirements can seldom be efficiently met by 

generically designed computing systems. So, for different application domains, 

application-specific systems have to be designed such that domain-specific system 

requirements are met, while staying within the boundaries of feasible design. The design 

of application-specific multicore/manycore processors involves tuning of settings for 

processor design parameters to find a nearly-optimal design configuration which best meets 

application-specific requirements. There are two main challenges that must be addressed 

in the process of tuning of settings for processor design parameters - efficiently exploring 

the design space, and, satisfying multiple (possibly conflicting) design metrics. 

An efficient design space exploration methodology is a must because of constraints of time 

and resources. Even with the processing and memory capabilities of current high-end 

machines, simulating all the possible configurations in a large design space is not 

temporally feasible. Design time is an important factor that needs to be considered in 

development of processors because the longer the design time of the processor, the longer 

its time-to-market. The longer time-to-market can result in significant revenue loss for the 

vendor if the product does not enter the market window (i.e., period during which the 

product would have highest sales) on-time (Vahid & Givargis, 2001). 

The design space exploration methodology must also be able to find solutions when 

multiple conflicting design metrics (Branke, Deb, Miettinen, & Slowinski, 2008) must be 

satisfied. When considering optimization of multiple conflicting metrics, it is not possible 
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to have globally optimal solution (i.e., design configuration) in which all of the conflicting 

metrics have optimal values. Instead, the best solution is the trade-off that can be obtained 

between the given conflicting metrics. The design problem then can be modelled as an 

Optimal Production Frontier problem also known as a Pareto Efficiency (Boyd & 

Vandenberghe, 2004) problem. In such a problem, several trade-off solutions are obtained 

where each solution favors one of the conflicting metrics. The choice of solution from the 

set of trade-offs can be made based on the application-specific requirement of the design. 

In this thesis, we propose a methodology for multicore/manycore processor parameter 

optimization that partially explores the design space to determine a parameter configuration 

which gives the best trade-off between the specified application requirements. Our 

approach utilizes a combination of exhaustive, greedy and one-shot (initial tunable 

parameter settings selection) searches to efficiently perform design space exploration. Our 

methodology can efficiently prune the design space, and can accommodate multiple 

conflicting design metrics in the optimization process. We extensively tested our 

methodology on a cycle-accurate simulator, ESESC (Enhanced Super ESCalar) (Ardestani 

& Renau, 2013, Feb), using a large set of multi-threaded benchmarks, PARSEC (Princeton 

Application Repository for Shared-Memory Computers) (Bienia, 2011, Jan) and SPLASH-

2 (Stanford ParalleL Applications for SHared memory, version 2) (Woo, Ohara, Torrie, 

Singh, & Gupta, 1995, Jun). 
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The main contributions of this thesis are: 

 We propose a methodology for multicore parameter tuning that combines three 

different exploration methods, exhaustive searching, greedy searching and one-shot 

searching, to prune the design space to find the best settings for tunable design 

parameters that meet particular application requirements. 

 We present an initial optimization algorithm based on one-shot searching that can 

determine initial settings for each tunable parameter to within 51.26% of the best 

setting for that parameter. 

 We describe a set partitioning algorithm, which uses results from the initial one-

shot optimization algorithm, to group parameters based on their significance 

towards the targeted application-specific design requirements.  We use three 

significance groups in our methodology one for each of the exploration methods, 

exhaustive, greedy and one-shot searching. 

 Our set partitioning algorithm includes an exhaustive search limiting threshold, 

which allows the designer to control design time by manipulating the number of 

design parameters considered in the exhaustive search. 

 We propose exhaustive and greedy search algorithms, which improve on the initial 

settings obtained by the initial optimization process, to yield best settings to within 

1.35% - 3.69% of the best settings obtained from fully exhaustive search of the 

design space. 

 We compare the effects of varying the exhaustive search threshold parameter on 

the quality of the solutions obtained from our methodology. 
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The remainder of the thesis is organized as follows. Section 2 gives a review of related 

work. Section 3 describes our methodology for parameter optimization. Section 4 presents 

the algorithms leveraged by our parameter optimization methodology. The experimental 

setup describing the simulator and benchmarks used to test the algorithm is presented in 

Section 5. Section 6 discusses the results. Finally, Section 7 concludes our study along with 

a brief description of future research directions. 
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2. RELATED WORK 

Several innovative optimization methodologies have been proposed in the literature 

relevant to processor parameter optimization (Kumar, Farkas, Jouppi, Ranganathan, & 

Tullsen, 2003, Dec), (Monchiero, Canal, & Gonzalez, 2008), (Qin & Mishra, 2012, Mar). 

Authors have used design space exploration algorithms such as exhaustive search, greedy 

search, genetic algorithms, evolutionary algorithms etc. We present a brief analysis of the 

outcomes of these different approaches. 

A fully exhaustive search of the design space is the ideal method of design space 

exploration as it will certainly lead to the best design configuration, but the overhead 

involved in performing such a search limits its usability. Much research has been carried 

out to devise methods of narrowing the scope of exhaustive search to form an equally 

effective partial exhaustive search algorithm. One such method was proposed by Givargis 

et al. (Givargis & Vahid, 2002). Their system PLATUNE (PLATform TUNEr), used to 

simulate parameterized SoCs (System on Chip) for embedded applications. Their 

algorithm was separated into two phases. In the first phase, they searched through the 

design space to find strongly interdependent parameters and grouped them into clusters. 

Exhaustive searches were carried out on each cluster separately to determine the Pareto-

optimal configuration for each cluster. These configurations were termed locally Pareto-

optimal configurations. In the second phase, to extend the search over the complete design 

space to find globally Pareto-optimal configurations, exhaustive search was carried out 

only on the locally Pareto-optimal configurations obtained from each cluster. Their system 
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could prune a design space as large as 1014 configurations, but took on order of 1-3 days 

for completing the search. 

Palesi et al. (Palesi & Givargis, 2002, May), improved on the work presented by Givargis 

et al. (Givargis & Vahid, 2002). They argued that the system PLATUNE was feasible only 

when the number of strongly interdependent parameters in each cluster was small. This is 

true because if too many parameters are clustered together, then the partial search-space of 

each cluster will be large enough to make exhaustive search infeasible. To overcome this, 

Palesi et al. introduced a new threshold value in their exploration algorithm which 

distinguished between clusters based on the size of their partial search-space. If the size of 

the partial search-space for a cluster was smaller than the threshold value, exhaustive 

search was used. However, if the size of the partial design space was greater than the 

threshold value, then a genetic exploration algorithm was used. The same distinction was 

extended for searching through the entire design space. Through this improvement, they 

were able to achieve 80% reduction in simulation time while still remaining within 1% of 

the results obtained from exhaustive search. 

Genetic algorithms were also used in the system MULTICUBE (Multi-objective Design 

Space Exploration of MultiProcessor-SoC Architectures for Embedded Multimedia 

Applications), by Silvano et al. (Silvano, et al., 2010, Jul). In their system, they defined an 

automatic design space exploration algorithm that could swiftly present an approximate 

Pareto-front to the system designer to help in deciding which design configuration was best 

suited for a particular application scope. The exploration algorithms used in their work 

range from different variants of genetic algorithms to evolutionary algorithm and simulated 
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annealing. In their work, they presented a comparison of these different exploration 

algorithms based on how well they converge towards the optimal design configuration 

based on the percentage of design space explored. They argued that the degree of closeness 

to the best setting for each tunable parameter in a design space is strictly related to the 

number of evaluations that the system designer can afford to make. In other words, the 

degree of closeness to the best configuration is directly proportional to the percentage of 

design space explored. 

Munir et al. (Munir, Gordon-Ross, Lysecky, & Lysecky, 2013) used a greedy algorithm to 

overcome the overhead of exhaustive search, in their paper on dynamic optimization of 

wireless sensor networks. Their algorithm was separated in two phases. In the first phase, 

a one-shot search algorithm was employed to find the best initial values for each tunable 

parameter considered. The search was limited to the first and last settings within the set of 

possible settings for each parameter. Once the best initial values for all the parameters were 

determined, the parameters were ordered based on significance towards the targeted 

application-specific requirement. In the second phase, a greedy search algorithm was used 

which worked off of the best initial values determined in the first phase. The greedy search 

progressed through the list of possible settings for each parameter starting at the best initial 

value. If the new setting for a parameter yielded a better configuration than the previous 

setting for that parameter, then the search was continued. But if the new setting yielded a 

configuration that is worse than the previous configuration, then the search algorithm was 

terminated for that parameter and the same search algorithm was started for the next 

parameter. They compared the performance of their algorithm against the performance of 
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the simulated annealing exploration algorithm. They concluded that their algorithm 

converged to within 8% of the best configuration while only exploring 1% of the design 

space as compared to the simulated annealing exploration algorithm that explored 55% of 

the design space to get within the same range of convergence. 

Some of the other widely used approaches to prune design space include the use of machine 

learning algorithms and statistical simulation. Guo et al. (Guo, et al., 2014) used machine 

learning in their design space exploration. In their system, a training set was formed using 

a small number of design configurations. The training set was simulated and their 

simulation results were used to generate a predictive model. Once an accurate predictive 

model was obtained it was used to predict the simulation results of design configurations 

not in the training set. This greatly reduced exploration time as simulations were only 

carried out on the small training set. Genbrugge et al. (Genbrugge & Eeckhout, 2009) used 

statistical simulation in their design space exploration algorithm. They reduced exploration 

time by reducing the size of their simulations. They achieved this by generating synthetic 

trace of a benchmark program's execution by using statistical profiling. The synthetic trace 

had the same execution characteristics as the benchmark program but with far smaller 

simulation time. 

In this thesis, we improve on the work carried out by Munir et al. (Munir, Gordon-Ross, 

Lysecky, & Lysecky, 2013). We use a similar approach to design space exploration but 

with an addition of two new phases - a set partition phase and an exhaustive search phase. 

With the addition of the exhaustive search phase we increase the degree of closeness to the 

optimal solution by exploring a larger portion of the design space, as argued by Silvano et 
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al. (Silvano, et al., 2010, Jul). The limit on the number of configurations considered in the 

exhaustive search is determined by the set-partitioning phase in which we use the threshold 

concept presented by Palesi et al. (Palesi & Givargis, 2002, May). 
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3. PARAMETER OPTIMIZATION METHODOLOGY 

3.1.  Overview 

 

Figure 1 depicts our parameter optimization methodology. The list of tunable design 

parameters and the set of settings for each of these parameters is provided by the system 

designer. The system designer also specifies the test benchmarks to the system. Each test 

Figure 1: Parameter optimization methodology. 
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benchmark provides a unique workload to the system and the system reports unique results 

for each benchmark. All the provided values are used by the initial parameter setting 

selection module to select initial (one-shot) test configurations. The initial (one-shot) test 

configurations are passed to the initial (one-shot) configuration tuning module which runs 

each test configuration on the simulator module. The simulator module consists of a cycle 

accurate multicore architecture simulator. The simulator simulates the initial (one-shot) 

configurations and the obtained simulation results are normalized and combined to form 

an objective function using weights for different metrics specified by the system designer. 

The set of objective function values for each initial (one-shot) test configuration are then 

forwarded to the tunable parameter ordering module. 

In the tunable parameter ordering module, the significance of each of the tunable 

parameters is determined. The significance is calculated using the objective function values 

obtained by simulating the initial (one-shot) test configurations. The parameters are then 

arranged in descending order based on their significance. This ordered set is then forwarded 

to the set partitioning module. 

The set partitioning module partitions the ordered set of parameters into three subsets, and 

exhaustive search set, a greedy search set and a one-shot search set. The subset with highly 

significant parameters is separated as the exhaustive search set, the subset with slightly less 

significant parameters is separated as the greedy search set followed by the subset with 

least significant parameters which is separated as the one-shot search set. The partition is 

carried out on the basis of an exhaustive search threshold 𝑇 which is used to limit the 

number of parameters included in the exhaustive search set. This threshold is provided by 
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the system designer. The exhaustive and greedy search sets are then forwarded to the 

exhaustive configuration tuning module and greedy configuration tuning module, 

respectively. No further operations are carried out on the one-shot search set and the best 

settings obtained from the initial parameter setting selection module are retained. 

Next, exhaustive search is carried out on the exhaustive search set by the exhaustive 

configuration tuning module. Although exhaustive search is a resource-intensive process, 

we included this search method because it decreases the likelihood of the solution to 

converge to a local optimum instead of a global optimum. In this step, each possible 

combination of parameters in the exhaustive search set is used to generate configuration 

test points. For the parameters which are not in the exhaustive search set, the best settings 

available from the initial parameter setting selection module are used. The objective 

function value for each of the exhaustive configuration test points is evaluated and the 

configuration yielding the smallest value is returned as the best setting for the exhaustive 

configuration. 

The best settings reported by exhaustive configuration tuning module are then passed on 

to the greedy configuration tuning module. In this module, the parameters in the greedy 

search set are optimized. New configuration test points are generated by this module using 

parameter settings picked by a greedy algorithm for the parameters in the greedy search 

set. The best settings obtained from exhaustive search and the best settings obtained from 

initial (one-shot) optimization are used for the parameters not in the greedy search set. The 

greedy search algorithm operates on one parameter at a time and optimizes its settings as 

long as the objective function value improves for new test points. When the objective 
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function begins to degrade, the greedy search algorithm is terminated for the current 

parameter and the next parameter in the greedy search set is optimized. Once all the 

parameters in the greedy search set are optimized, the best settings for all the tunable 

parameters are returned to the system designer. 

3.2. Defining the Design Space 

Consider 𝑛 tunable parameters are available to describe the design of a multicore/manycore 

processor. Let 𝑃 be the list of these tunable parameters defined as the following set: 

𝑃 = {𝑃1 , 𝑃2, 𝑃3, ⋯ , 𝑃𝑛} 

Each tunable parameter 𝑃𝑖 [where, 𝑖 ∈  {1, 2,⋯ , 𝑛}] in the list 𝑃 is the set of possible 

settings for 𝑖𝑡ℎ parameter. Let 𝐿 be the set containing the size of the set of possible settings 

for each parameter in list 𝑃, such that 

𝐿 =  {𝐿1, 𝐿2, 𝐿3, ⋯ , 𝐿𝑛} 

𝐿𝑖  =  |𝑃𝑖| ∀ 𝑖 ∈ {1, 2,⋯ , 𝑛} 

where, |𝑃𝑖| is the cardinal value of set 𝑃𝑖.  

Each parameter setting set 𝑃𝑖 in the list 𝑃 is defined as follows: 

𝑃𝑖  =  {𝑃𝑖1, 𝑃𝑖2, 𝑃𝑖3, ⋯ , 𝑃𝑖𝐿𝑖} ∀ 𝑖 ∈  {1, 2,⋯ , 𝑛} 

The values in the set 𝑃𝑖 are arranged in ascending order. 
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The state space for design space exploration is the collection of all the possible 

configurations that can be obtained using the 𝑛 parameters. 

𝑆 =  𝑃1 × 𝑃2 × 𝑃3 ×⋯× 𝑃𝑛 

Here, × represents the Cartesian product of lists in 𝑃. Throughout this thesis, we use the 

term 𝑆 to denote the state space composed of all 𝑛 tunable parameters. To maintain 

generality, when referring to a state space composed of 𝑎 tunable parameters where, 𝑎 <

 𝑛, we attach a subscript to the term 𝑆. 

𝑆𝑎  =  𝑃1 × 𝑃2 × 𝑃3 ×⋯× 𝑃𝑎 , ∀  𝑎 <  𝑛 

We note that the state space of 𝑎 tunable parameters does not constitute a complete design 

configuration and is only used as an intermediate when defining our methodology. 

We also reserve the use of × operator in the following manner: 

𝑆𝑎  =  𝑆𝑎 × 𝑃𝑖, ∀  𝑖 ∈  {1, 2,⋯ , 𝑛} 

This represents the extension of the state space 𝑆𝑎 to include one new set of parameter 

settings 𝑃𝑖 from the list 𝑃. This operation increases the number of tunable parameters in 

state space 𝑎 by one. 

When referring to a design configuration that belongs to the state space 𝑆, we use the term 

𝑠. We attach subscripts to 𝑠 to refer to specific design configurations. For example, a state 

𝑠𝑓 that consists of the first setting of each tunable parameter can be written as: 
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𝑠𝑓  =  (𝑃11, 𝑃21, 𝑃31, ⋯ , 𝑃𝑛1) 

Similarly, to denote an incomplete/partial design configuration of 𝑎 tunable parameters we 

use the term 𝛿𝑠𝑎. 

3.3. Benchmarks 

Each of the configurations, selected from the state space 𝑆 by our algorithm, is tested on 

𝑚 test benchmarks. The design metrics for each simulated configuration is collected 

separately for each benchmark. 

3.4. Objective Function 

In our algorithm, design configurations are compared with each other based on their 

objective functions. The objective function of a design configuration is the weighted sum 

of the design metrics obtained after simulating that design configuration. Let 𝑜 be the 

number of design metrics and 𝑉 be the set of values of design metrics which are obtained 

from the simulation. 

𝑉𝑠
𝑘  =  {𝑉𝑠1

𝑘 , 𝑉𝑠2
𝑘 , 𝑉𝑠3

𝑘 , ⋯ , 𝑉𝑠𝑜
𝑘}, ∀ 𝑘 ∈ {1, 2,⋯ , 𝑚} 

Let 𝑤 be the set of weights for the design metrics based on the requirements of the targeted 

application. These weights are set by the system designer, such that 

𝑤 =  {𝑤1, 𝑤2, 𝑤3, ⋯ ,𝑤𝑜} 

0 ≤  𝑤𝑙 ≤ 1, ∀ 𝑙 ∈  {1, 2,⋯ , 𝑜} 
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and, 

∑𝑤𝑙  =  1, ∀ 𝑙 ∈  {1, 2,⋯ , 𝑜} 

The objective function ℱ of a design configuration 𝑠 for a test benchmark 𝑘 is defined as 

follows: 

ℱ𝑠
𝑘  = ∑𝑤𝑙. 𝑉𝑠𝑙

𝑘 , ∀ 𝑙 ∈  {1, 2,⋯ , 𝑜} 

The optimization problem considered in this thesis is to minimize the value of the objective 

function ℱ. The design metrics are chosen such that the minimization of their values is the 

favorable design choice. For example, when considering the performance metric, the 

design goal is to maximize performance. To model this into the objective function, we use 

execution time to measure performance. Minimizing execution time would fit with 

minimizing the objective function while still modelling the design goal of maximizing 

performance. The optimization problem for each test benchmark k is defined as follows: 

𝑚𝑖𝑛.  ℱ𝑠
𝑘 

𝑠. 𝑡.  𝑠 ∈ 𝑆 
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4. PARAMETER OPTIMIZATION ALGORITHM 

In this section, we describe the four distinct phases of our design space exploration 

methodology. We also compute the overall computational complexity of our methodology 

using the complexities of each phase. 

4.1. Phase I: Initial One-Shot Optimization and Parameter Significance 

In this phase, parameter tuning is carried out using one-shot optimization. This process is 

based on single factor analysis which is a common approach used in design space 

exploration. Single factor analysis based approach is suitable for independent on/off 

parameters which have two options for each parameter, a zero value option and a non-zero 

value option (Sheldon, 2011, Dec). From our experiments, we found that when the results 

from single factor analysis are extended with other search algorithms (e.g., exhaustive and 

greedy search in our methodology) it can form an effective heuristic. The process operates 

on the list of parameters 𝑃 such that the parameters are tuned one at a time; the settings of 

the current parameter are varied while the settings of all other parameters are unchanged. 

While operating on the current parameter, objective functions are calculated for design 

configurations that use the first and last settings in the set of parameter settings for the 

current parameter. All the other parameters in these design configurations are arbitrarily 

set to the first setting in their corresponding set of parameter settings. Note that each set of 

parameters in the list of parameters 𝑃 is provided arranged in ascending order. 
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Input 

𝑃 −  List of Tunable Parameters 

 

Output 

𝐵 −  Set of Best Settings 

𝐷 −  Significance of Parameters with respect to Objective Function 
 

 

1 𝐟𝐨𝐫 𝑖 ←  1 𝐭𝐨 𝑛 𝐝𝐨 

2 𝑠𝑓 =  {𝑃𝑖1} 

3 𝑠𝑙  =  {𝑃𝑖𝐿 𝑖 } 

4 𝐟𝐨𝐫 𝑗 ← 1 𝐭𝐨 𝑛 𝐝𝐨 

5 𝐢𝐟 𝑖 ≠  𝑗 𝐭𝐡𝐞𝐧 

6 𝑠𝑓  =  𝑠𝑓 ∪ {𝑃𝑗1} 

7 𝑠𝑙  =  𝑠𝑙 ∪ {𝑃𝑗1} 

8 𝐞𝐧𝐝 

9 𝐞𝐧𝐝 

10 𝐟𝐨𝐫 𝑘 ← 1 𝐭𝐨 𝑚 𝐝𝐨 

11 Explore 𝑘𝑡ℎ  benchmark using configuration 𝑠𝑓  

12 Calculate ℱ𝑠𝑓
𝑘  

13 Explore 𝑘𝑡ℎ  benchmark using configuration 𝑠𝑙  

14 Calculate ℱ𝑠𝑙
𝑘  

15 𝐷𝑖
𝑘  =  ℱ𝑙

𝑘  − ℱ𝑓
𝑘  

16 𝐢𝐟 𝐷𝑖
𝑘  >  0 𝐭𝐡𝐞𝐧 

17 𝐵𝑖
𝑘  =  𝑃𝑖1 

18 𝐞𝐥𝐬𝐞 

19 𝐵𝑖
𝑘  =  𝑃𝑖𝐿 𝑖  

20 𝐞𝐧𝐝 

21 𝐞𝐧𝐝 

22 𝐞𝐧𝐝 

 

 
 

Algorithm 1: Initial One-Shot Optimization and Parameter Significance. 

Algorithm 1 presents the steps in selecting an initial parameter setting for each tunable 

parameter, and determining the significance of each tunable parameter to the objective 
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function. In this algorithm, two design configurations, 𝑠𝑓 and 𝑠𝑙, are used where, 𝑠𝑓 

corresponds to the design configuration with the first setting and 𝑠𝑙 corresponds to the 

design configuration with the last setting for the current parameter being processed. The 

objective functions for all the test benchmarks are calculated by running simulations on 

these design configurations. The objective functions ℱ𝑠𝑓 and ℱ𝑠𝑙, which  correspond to 

design configurations 𝑠𝑓 and 𝑠𝑙, respectively, are compared with each other. The 

comparison is made on the basis of difference of magnitude of ℱ𝑠𝑓 from ℱ𝑠𝑙. This difference 

is stored in a set of parameter significance 𝐷 (line 15). The magnitude of the difference 

determines the significance of parameters with respect to objective function, that is, greater 

the magnitude 𝐷𝑖
𝑘 , 𝑖 ∈  {1, 2, 3,⋯ , 𝑛}, the greater the significance of parameter 𝑃𝑖 with 

respect to the objective function. Judging by whether the difference is positive or negative, 

the best setting for the current parameter is chosen as either the first setting or the last 

setting. The best settings for the parameters are stored in the set of best settings 𝐵𝑖
𝑘 (lines 

17 and 19). 

4.2. Phase II: Set Partitioning 

Algorithm 2 presents the steps involved in partitioning the list of parameters into different 

sets for performing the exhaustive and greedy searches. The algorithm starts out by sorting 

the set of parameter significance values, |𝐷𝑘|, in descending order of magnitude such that 

the index information of the sorted values is preserved in 𝐼𝑘 (for the 𝑘𝑡ℎ benchmark; 𝑘 ∈

{1, 2,⋯ ,𝑚}) (line 3). For example, if the fifth entry 𝐷5
𝑘 has the greatest value, 𝐷5 will 

become the first entry after sortDescending(|𝐷𝑘|) function and first entry of the set 𝐼𝑘 
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Input 

𝐷 −  Significance of Parameters towards Objective Function  
𝐼 −  Index Set 
𝑇 −  Exhaustive Search Threshold Factor 

 

Output 

ℰ − Set of Parameters for Exhaustive Search 

𝒢 − Set of Parameters for Greedy Search 
 

 

 1 ℰ = ∅ and 𝒢 = ∅ 

 2 𝐟𝐨𝐫 𝑘 ← 1 𝐭𝐨 𝑚 𝐝𝐨 

 
3 

sortDescending(|𝐷𝑘 |)

− s. t. index information of the sorted values is preserved in Ik  

 4 sort(𝑃𝑘) andsort(𝐿𝑘) w. r. t. index information in Ik  

 5 𝑛𝑢𝑚ℰ  =  1 and 𝑖 =  1 

6 𝐰𝐡𝐢𝐥𝐞 𝑛𝑢𝑚ℰ ≤ 𝑇 𝐝𝐨  

7 𝑛𝑢𝑚ℰ = 𝑛𝑢𝑚ℰ × 𝐿𝑖
𝑘   

8 𝐢𝐟 𝑛𝑢𝑚ℰ ≤ 𝑇 𝐭𝐡𝐞𝐧  

9 ℰk = ℰ𝑘 ∪ {𝑃𝑖}  

10 𝑖 = 𝑖 + 1  

11 𝐞𝐥𝐬𝐞  

12 𝐛𝐫𝐞𝐚𝐤  

13 𝐞𝐧𝐝  

14 𝐞𝐧𝐝  

15 𝑛𝑢𝑚𝒢 = 𝑐𝑒𝑖𝑙  
|𝑃𝑘 | − |ℰ𝑘 |

2
  

 

16 𝐰𝐡𝐢𝐥𝐞 num𝒢 > 0 𝐝𝐨  

17 𝒢k = 𝒢𝑘 ∪ {𝑃𝑖
𝑘}  

18 𝑛𝑢𝑚𝒢 = 𝑛𝑢𝑚𝒢 − 1  

19 𝑖 = 𝑖 + 1  

20 𝐞𝐧𝐝  

21 𝐞𝐧𝐝  

  

Algorithm 2: Set Partitioning. 
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will be 5, that is, 𝐼1
𝑘  =  5. The index information in 𝐼𝑘 is then used by the sort(𝑃𝑘) and 

sort (𝐿𝑘) functions to order the list of parameter names and set sizes. This results in an 

arrangement of parameters in which the parameters with higher significance are placed 

towards the start of the set and the parameters with lower significance are placed towards 

the end of the set. The parameters are then sorted into three ordered sets. The parameters 

with the highest significance in the sorted parameters list are separated into the exhaustive 

search set ℰ. The number of parameters considered for the exhaustive search set depends 

upon the exhaustive search threshold value 𝑇, provided by the system designer. The 

threshold value 𝑇 limits the size of the partial search space of the exhaustive search set, 

𝑛𝑢𝑚ℰ (line 6). 

When the exhaustive search set is separated out, the remaining parameters in the sorted 

parameters list are halved (line 15). The upper half of remaining parameters in the sorted 

parameters list are separated into the greedy search set, 𝒢, and the lower half is separated 

into one-shot search set. We observe empirically that selecting the upper half, 

𝑐𝑒𝑖𝑙 (
|𝑃|−|ℰ𝑘|

2
) , provides efficient design space exploration without significantly 

compromising the solution (i.e., best design configuration) quality. The parameters in the 

one-shot search set are not explored further and are tuned using the best settings determined 

for them in Algorithm 1. 

4.3. Phase III: Exhaustive Search Optimization 

In the third phase of our methodology, best settings for the parameters in the exhaustive 

search set ℰ are determined. The steps involved in this phase are described in Algorithm 3. 
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Input 

𝑃 −  List of Tunable Parameters 

𝐵 −  Set of Best Settings for One − Shot Search 

ℰ − Set of Parameters for Exhaustive Search 

 

Output 

𝐵 −  Set of Best Settings for One − Shot and Exhaustive Search  
 

 1 𝑠ℰ  = ∅ 

 2 𝛿𝑠ℰ = ∅ and 𝛿𝑠ℰ ′ = ∅ 

 3 𝐟𝐨𝐫 𝑘 ← 1 𝐭𝐨 𝑚 𝐝𝐨 

 4 ℱ𝑠𝑏
𝑘 =  ∞ 

 5 𝐟𝐨𝐫 𝑖 ← 1 𝐭𝐨 𝑛 𝐝𝐨 

6 𝐢𝐟 𝑃𝑖 ∉ ℰ𝑘𝐭𝐡𝐞𝐧  

7 δsℰ ′
k =  δsℰ ′

k ∪ {𝐵𝑖
𝑘}  

8 𝐞𝐧𝐝  

9 𝐞𝐧𝐝  

10 𝐟𝐨𝐫 𝑖 ← 1 𝐭𝐨 𝑛 𝐝𝐨  

11 𝐢𝐟 𝑃𝑖 ∈ ℰ𝑘  𝐭𝐡𝐞𝐧  

12 𝑆ℰ
𝑘 = 𝑆ℰ

𝑘 × 𝑃𝑖   

13 𝐞𝐧𝐝  

14 𝐞𝐧𝐝  

15 𝐟𝐨𝐫 𝑗 ← 1 𝐭𝐨 |𝑆ℰ
𝑘 | 𝐝𝐨  

16 δsℰ𝑗
k is the partial configuration in state space 𝑆ℰ

𝑘   

17 𝑠ℰ
k = 𝛿𝑠ℰ𝑗

𝑘 ∪ 𝛿𝑠ℰ ′
𝑘   

18 Explore 𝑘𝑡ℎ  benchmark using configuration 𝑠ℰ
𝑘   

19 Calculate ℱ𝑠ℰ
𝑘   

20 𝐢𝐟 ℱsℰ
𝑘 < ℱ𝑠𝑏

𝑘 𝐭𝐡𝐞𝐧  

21 ℱsb

𝑘 = ℱ𝑠ℰ
𝑘   

22 𝐵𝑘 = 𝑠ℰ
𝑘   

23 𝐞𝐧𝐝  

24 𝐞𝐧𝐝  

25 𝐞𝐧𝐝  

  

Algorithm 3: Exhaustive Search. 
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First, the settings for the parameters that are not included in the set ℰ are chosen (line 7). 

The settings for these parameters are assigned using the set of best settings 𝐵𝑖
𝑘 obtained 

from the initial (one-shot) optimization process in Algorithm 1. These settings are stored 

in the set 𝛿𝑠ℰ′. Following this, a partial state space 𝑆ℰ for exhaustive search set ℰ is formed 

(line 12). Next, each of the possible configurations of parameter settings, 𝛿𝑠ℰ𝑗 (line 16), in 

the state-space of set ℰ, 𝑆ℰ, is combined with the set 𝛿𝑠ℰ′   (line 17) to form a complete 

simulatable design configuration 𝑠ℰ. The objective function, ℱ𝑠ℰ , is determined by 

simulating 𝑠ℰ, and this value is compared with the best objective function, ℱ𝑠𝑏  , which holds 

the smallest value objective function encountered thus far in the search process. When a 

design configuration results in an objective function having a value less than ℱ𝑠𝑏  (line 20), 

then, ℱ𝑠𝑏  is changed to the new minimum value and the set of best settings 𝐵 is updated 

with the corresponding design configuration. This exhaustive search optimization process 

is carried out for each of the test benchmarks used in the simulation process. 

4.4. Phase IV: Greedy Search Optimization 

Algorithm 4, describes the final phase of our methodology which involves optimization of 

the parameters in greedy search set 𝒢. For each parameter in the set 𝒢, the significance of 

that parameter is checked to determine whether the value is positive or negative. A positive 

value indicates that the first setting for that parameter yields a smaller objective function 

as compared to the last setting. A negative value indicates the exact opposite; the last setting 

for that parameter yields a smaller objective function as compared to the first setting. It is 

assumed that the setting that yields the smallest objective function lies closer towards the 
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setting that yields the smallest objective function in the initial (one-shot) optimization 

process. To ensure that the search process starts from the setting that yielded the smallest 

objective function in the initial (one-shot) optimization process, the set of parameter 

settings is either sorted in descending order or left unchanged in default ascending order 

(line 8).  

Input 

𝑃 −  List of Tunable Parameters 

𝐷 − Significance of parameters towards objective function 

𝐵 −  Set of Best Settings for One − Shot  and Exhaustive Search 

ℰ − Set of Parameters for Exhaustive Search 

𝒢 − Set of Parameters for Greedy Search 

 

Output 

𝐵 −  Complete set of best settings 

 

1 𝑠𝒢 = ∅ 

2 𝛿𝑠𝒢 ′ = ∅ 

3 𝒢𝑃 = ∅ 

4 𝐟𝐨𝐫 𝑘 ← 1 𝐭𝐨 𝑚 𝐝𝐨 

5 ℱ𝑠𝑏
𝑘 =  ∞ 

6 𝐟𝐨𝐫 𝑖 ← 1 𝐭𝐨 𝑛 𝐝𝐨 

7 𝐢𝐟 𝑃𝑖 ∉ 𝒢𝑘𝐭𝐡𝐞𝐧 

8 𝐢𝐟 𝐷𝑖
𝑘 < 0 𝐭𝐡𝐞𝐧 

9 𝒢P = sortDescending(𝑃𝑖) 

10 𝐞𝐧𝐝 

11 𝐟𝐨𝐫 𝑗 ← 1 𝐭𝐨 𝑛 𝐝𝐨 

12 𝐢𝐟 𝑃𝑗 ≠ 𝒢P  𝐭𝐡𝐞𝐧 

13 𝛿𝑠
𝒢𝑃
′
𝑘 = 𝛿𝑠

𝒢𝑃
′
𝑘 ∪ {Bj

k} 

14 𝐞𝐧𝐝 

15 𝐞𝐧𝐝 

 𝐜𝐨𝐧𝐧𝐞𝐜𝐭𝐨𝐫 
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 𝐜𝐨𝐧𝐧𝐞𝐜𝐭𝐨𝐫 

16 𝐟𝐨𝐫 𝑙 ← 1 𝐭𝐨 𝐿𝑖  𝐝𝐨 

17 𝑠𝒢
k = 𝛿𝑠

𝒢𝑃
′
𝑘 ∪ {𝒢𝑃𝑙} 

18 Explore 𝑘𝑡ℎ  benchmark using configuration 𝑠𝒢
𝑘  

19 Calculate ℱ𝑠𝒢
𝑘  

20 𝐢𝐟 ℱs𝒢
𝑘 < ℱ𝑠𝑏

𝑘 𝐭𝐡𝐞𝐧 

21 ℱsb

𝑘 = ℱ𝑠𝒢
𝑘  

22 𝐵𝑖
𝑘 = 𝒢𝑃𝑗  

23 𝐞𝐥𝐬𝐞 

24 𝐛𝐫𝐞𝐚𝐤 

25 𝐞𝐧𝐝 

26 𝐞𝐧𝐝 

27 𝐞𝐧𝐝 

28 𝐞𝐧𝐝 

29 𝐞𝐧𝐝 

 
 

Algorithm 4: Greedy Search. 

In the search process of each parameter, all the parameters except for the parameter 

currently being processed is assigned settings using the set of best settings 𝐵𝑖
𝑘 (line 12). 

The parameters in the exhaustive search set ℰ are set to the best settings obtained from the 

exhaustive search process. The non-current parameters in set 𝒢 are assigned settings in one 

of two ways. If the non-current parameter has already been processed by the greedy search 

optimization process, then the parameter is assigned the best setting obtained from that 

process. If the non-current parameter has not been processed yet, then the parameter is 

assigned the best setting obtained from the initial one-shot optimization process. The 

parameters that are not included in either of the sets ℰ or 𝒢 are assigned the best settings 
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from the initial one-shot optimization process. These settings are collected in a partial 

design configuration set 𝛿𝑠𝒢𝑃′ . 

The set 𝛿𝑠𝒢𝑃′  then is combined with the settings for the current parameter being processed 

to form the complete simulatable design configuration 𝑠𝒢 (line 17). This configuration is 

simulated and the resulting objective function, ℱ𝑠𝒢 , is compared with the best objective 

function ℱ𝑠𝑏 ,  which holds the smallest value objective function encountered thus far in the 

search process. Similar to the exhaustive search process, when a design configuration 

results in an objective function having a value less than ℱ𝑠𝑏  (line 20), then ℱ𝑠𝑏  is changed 

to the new minimum value and the set of best settings 𝐵𝑖
𝑘 is updated with the corresponding 

design configuration. However, when the search process encounters a design configuration 

that results in an objective function having a value greater than ℱ𝑠𝑏 , then the search process 

for the current parameter is terminated and the next parameter in the parameter list 𝒢 is 

explored. 

4.5. Computational Complexity 

The computational complexity for our design space exploration methodology is 𝒪(𝑇 +

𝑛𝐿𝑚𝑎𝑥 log 𝐿𝑚𝑎𝑥). This term is comprised of the initial (one-shot) parameter optimization 

and parameter significance (Algorithm 1) 𝒪(𝑛), set partitioning (Algorithm 2) 𝒪(𝑛 log 𝑛) 

(sorting contributes the 𝑛 log 𝑛 factor), exhaustive search (Algorithm 3) 𝒪(𝑇), and greedy 

search (Algorithm 4) 𝒪(𝑛𝐿𝑚𝑎𝑥 log 𝐿𝑚𝑎𝑥), where 𝑛 is the number of tunable parameters, 𝑇 

is the exhaustive search threshold factor and 𝐿𝑚𝑎𝑥 is the size of the largest set of possible 

settings for the tunable parameters considered. Since 𝑇 is larger than 𝑛 and 𝐿𝑚𝑎𝑥, the 
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computational complexity of our methodology can be simplified as 𝒪(𝑇). This complexity 

reveals that the operation time of our proposed methodology depends on the exhaustive 

search limiting factor provided by the system designer. 
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5. EXPERIMENTAL SETUP 

All the design configuration simulations for evaluating our parameter optimization 

algorithm were carried out on the ESESC (Ardestani & Renau, 2013, Feb) simulator. 

ESESC is a fast cycle-accurate chip multiprocessor simulator which models out-of-order 

RISC (Reduced Instruction Set Computing) processors running ARM instruction set. It 

produces performance, power and thermal models of chip multi-processors. It also has the 

ability to run unmodified ARM-binaries. 

The test benchmarks used in our evaluation are from the PARSEC (Bienia, 2011, Jan) (Bao, 

Bienia, & Li, 2011, Jun) (Gebhart, Hestness, Fatehi, Gratz, & Keckler, 2009, Oct) and 

SPLASH-2 (Woo, Ohara, Torrie, Singh, & Gupta, 1995, Jun) Benchmark suite. The 

PARSEC and SPLASH-2 benchmark suite is a collection of standardized multi-threaded 

benchmarks used for evaluating chip-multiprocessors. Unlike high performance computing 

(HPC) focused benchmark suites, the benchmarks included in this suite are representative 

of a diverse application space. These benchmarks model emerging workloads which are 

likely to find important applications in the near future. 

The algorithm steps were implemented using Perl (Perl Maven, 2015). The results from 

each of the simulations carried out were gathered in MS Excel using the tool Excel-Writer-

XLSX (McNamara, 2015) for Perl. The ARM-binaries for all the test benchmarks were 

compiled using arm-linux-gnueabihf toolchain (Zhang, 2013). 
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Table 1: List of tunable parameters and settings. 

Parameter Name Set of Settings 

Design Space 

Small Large 

Cores (PARSEC) 2, 4, 8 ✓ ✓ 

Cores (SPLASH-2) 2, 4 ✓ ✓ 

Frequency (MHz) 1700, 2200, 2800, 3200 ✓ ✓ 

L1-I Cache Size (kB) 8, 16, 32, 64, 128 ✓ ✓ 

L1-D Cache Size (kB) 8, 16, 32, 64, 128 ✓ ✓ 

L2 Cache Size (kB) 256, 512, 1024 ✓ ✓ 

L3 Cache Size (kB) 2048, 4096, 8192 ✓ ✓ 

Fetch/Issue/Retire Width (B) 2, 4, 8, 16  ✓ 

Reorder Buffer Size (B) 32, 64, 128, 256  ✓ 

Branch Prediction BPredX, BPredX2  ✓ 

 

We tested our parameter optimization methodology for different design space sizes: small 

and large. The smaller design space contains six tunable parameters while the larger design 

space contains nine. Table 1 contains the list of tunable parameters considered in making 

up the design space along with the set possible setting values for each of the parameters. 

Based on the number of settings for each of the tunable parameters the design space 

cardinalities for PARSEC benchmarks is 2,700 design points for the smaller design space 
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and 86,400 for the larger design space. For SPLASH-2 benchmarks, the design space 

cardinality of the smaller design space is 1,800 and for the larger design space is 57,600. 

We used the following benchmarks from the PARSEC and SPLASH-2 suites to test our 

algorithm: 

PARSEC Benchmarks: Blackscholes, Canneal, Facesim, Fluidanimate, Freqmine, 

Streamcluster, Swaptions, x264 

SPLASH-2 Benchmarks: Cholesky, FFT, LU-cb, LU-ncb, Ocean-cp, Ocean-ncp, 

Radiosity, Radix, Raytrace 

Figure 2: Categorization of trade-off solutions in Pareto front 
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We define two sample application domains which we use to evaluate our methodology: a 

low-power application domain and a high-performance application domain. In order to 

model the requirements of these domains, we choose power and performance as the design 

metrics. The total dynamic power and leakage power across all the cores of the 

multicore/manycore system makes up the power metric and the total execution time makes 

up the performance metric. The power and performance of multicore systems are known 

to have conflicting interdependency i.e. it is not possible to find a configuration point in 

the design space which yields minimum values for both power and performance. So, only 

trade-off solutions are possible for these metrics. The trade-off solutions for these metrics 

fall into two categories - low-power or high-performance (low execution time) (shown in 

Figure 2). 

Out of the trade-off solutions, one of the solutions has to be selected for the design. 

Intuitively, selecting the solution at extreme minimum values of the design metrics should 

be ideal. This is not the case because a solution that has the lowest power value has very 

high execution time and the solution having lowest execution time has very high power 

due to conflicting interdependency of the metrics. So, the best solution is the one in which 

the principle design metric for the application specification is close to the minimum value 

while the other metrics are within acceptable ranges. This balance is introduced by 

applying suitable weights to the design metrics to form an objective function which 

quantifies the effect of each metric on the target design. The selected trade-off solution is 

one which yields minimum value for the objective function. 
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The weight assigned to the design metrics for the application domains we consider are 

presented in Table 2. 

Table 2: Weight factors for design metrics. 

Configuration Power Performance 

Low Power 0.9 0.1 

High Performance 0.1 0.9 

 

The linear objective function we formed for our evaluation tests is the weighted sum of 

design metrics: 

ℱ =  𝑤𝒫 ⋅ 𝒫 + 𝑤𝐸 ⋅  𝐸 

where, 

𝒫 =  𝐷𝑦𝑛𝑎𝑚𝑖𝑐 𝑃𝑜𝑤𝑒𝑟 +  𝐿𝑒𝑎𝑘𝑒𝑑 𝑃𝑜𝑤𝑒𝑟 

  𝐸 =  𝑇𝑜𝑡𝑎𝑙 𝐸𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛 𝑇𝑖𝑚𝑒 

where, 𝑤𝒫 and 𝑤𝐸 denote weight factors for power and performance metrics, respectively. 
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6. RESULTS 

In this section, we present the results that we obtained from our methodology. The section 

is divided into two subsections. In the first subsection, we evaluate the results obtained 

from our methodology on the smaller design space - six parameters. We further compare 

our results with the results obtained from a fully exhaustive search of the smaller design 

space. In the second subsection, we present the evaluation of the results obtained from our 

methodology on the larger design space. We also compare the results using different 

exhaustive search threshold factors (𝑇) and the effect of these threshold factors on solution 

quality and design time. 

6.1. Evaluation Results for Smaller Design Space 

For the smaller design space, we verified our methodology by comparing our results with 

the results obtained from fully exhaustive search. We execute our methodology with an 

arbitrary exhaustive search threshold factor of 150 (i.e., 𝑇 = 150). We clarify that the 

threshold factor of 𝑇 = 150 means that the maximum number of design configurations that 

can be explored by exhaustive search (Algorithm 3) is upper bounded by 150. 

6.1.1. Parameter Significance 

Figure 3 and Figure 4 present the values of parameter significance obtained for various 

PARSEC benchmarks for both low-power and high-performance requirements. These 

values were calculated based on normalized values of the simulation results obtained from 

the initial (one-shot) optimization phase of our methodology. Total power and execution 

time values are normalized using the maximum total power and maximum execution time 
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values obtained in the initial (one-shot) optimization phase. All total power and execution 

time values throughout the remaining phases of the methodology are normalized using 

these maximum values. 

 

Figure 3 and Figure 4 reveal that for each test benchmark, there are at most three tunable 

parameters that have a high significance on the objective function. We observe that for 

low-power requirements, the number of cores followed by the core frequency are the 

parameters that have significant impact on the objective function. For high-performance 

requirements, cache sizes (in particular L1-D and L2 cache sizes) also impact the objective 

function as the larger cache sizes can accommodate more recently used data and help 

mitigate cache thrashing, which provides performance improvement. This observation is 

Figure 3: Significance of tunable parameters for PARSEC benchmarks for small 

design space for high-performance requirement. 
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intuitive because the PARSEC benchmarks are highly data-parallel (and hence 

performance improves with an increase in number of cores) and have medium to large 

working sets (and hence performance improves with an increase in cache size). 

6.1.2. Pareto Fronts 

Figure 5 and Figure 6 presents the Pareto fronts obtained for various PARSEC benchmarks 

for both low-power and high-performance requirements. The Pareto fronts, which are 

generated using the normalized values of total power and execution time clearly show the 

conflicting interdependency between these design metrics, i.e., increasing total power 

decreases execution time and vice versa. Hence, it is not possible to have a single solution 

to the optimization problem which minimizes both these metrics. A favorable trade-off 

Figure 4: Significance of tunable parameters for PARSEC benchmarks for small 

design space for high-performance requirement. 
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solution between power and performance is the only result that can be obtained from the 

Figure 6: Pareto fronts for PARSEC benchmarks for high-performance requirement in 

small design space with exhaustive search threshold of 𝑇 = 150. 

 

Figure 5: Pareto fronts for PARSEC benchmarks for low-power requirement in small 

design space with exhaustive search threshold of 𝑇 = 150. 
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optimization process. Each of the points on the Pareto front represents a favorable trade-

off solution between the conflicting power and performance metrics.  

6.1.3. Selecting a favorable tradeoff solution 

 
Figure 7: Linear objective function plotted along with the Pareto front for the x264 

(PARSEC) benchmark for low-power requirement. 

Figure 7 and Figure 8 illustrate how a favorable trade-off solution is selected from the set 

of Pareto-optimal trade-off points on the Pareto front. The objective function forms a 

straight line in the power-performance graph with slope −
𝑤𝒫

𝑤𝐸
, where 𝑤𝒫 and 𝑤𝐸 are the 

weights associated with the total power and execution time design metrics, respectively. 

These weights indicate the preference/weightage of design metrics with respect to each 
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other. This is seen in the objective function line having a smaller intercept on the horizontal 

axis (Total Power) for low-power requirement and having a smaller intercept on the vertical 

axis (Execution Time) for high-performance requirement. 

Figure 7 reveals that for low-power requirements, the power-performance pair of the form 

(Total Power (W), Execution Time (ms)), obtained from the point of intersection of the 

objective line with the Pareto front is (0.904, 68.614). The weight-balanced results obtained 

from the fully exhaustive search is (0.909, 65.321). This results in a difference of -0.55% 

for total power results and 4.79% for execution-time/performance. The configurations 

yielding these power-performance pairs for our methodology and for the fully exhaustive 

search both have 2 cores and 1700 MHz frequency. The configurations have slightly 

different cache sizes. 

Figure 8: Linear objective function plotted along with the Pareto front for the x264 

(PARSEC) benchmark for high-performance requirement. 
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Similarly, from Figure 8, the point of intersection of the objective line with the Pareto front 

for high-performance requirements is (1.597, 35.142) and the weight-balanced results 

obtained from the fully exhaustive search is (1.6, 34.152). This results in a difference of -

0.19% for total power and 2.82% for execution-time/performance. Both configurations 

have 2 cores and 3200 MHz frequency and have different cache sizes. 

Results indicate that our methodology attains results that are consistent with the results 

obtained from fully exhaustive search results while only exploring 52 configurations (i.e., 

1.92% of the design space) for low-power requirement; and 77 configurations (i.e., 2.85% 

of the design space), for high-performance requirement. These results verify that our 

proposed methodology efficiently explores the design space of multicore/manycore 

processors. Also, the cores count and operating frequency values were determined to be 

the most significant parameters in the initial (one-shot) phase of our methodology for both 

low-power and high-performance requirements and hence, were included in the exhaustive 

search set. Thus, we were able to match these value exactly with the values obtained from 

the fully exhaustive search. 

6.1.4. Comparison with Exhaustive Search 

To verify the solution quality (design configuration) obtained by our methodology, we 

compare our results with the results obtained from fully exhaustive search for the given 

application requirements. Table 3 lists details of the design configuration selected by our 

methodology alongside the one obtained from fully exhaustive search for the Blackscholes 

(PARSEC) test benchmark. The values in the columns marked EXH in the table are the 
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parameters settings obtained from fully exhaustive search and the values in the columns 

marked DSE are the parameter settings obtained from our methodology. 

Table 3: Comparison of settings for Blackscholes (PARSEC) benchmark. 

 

High-Performance Low-Power 

EXH DSE EXH DSE 

Cores 8 8 2 2 

Frequency 3200 3200 1700 1700 

L1-I Cache Size 64 64 8 16 

L1-D Cache Size 32 128 16 16 

L2 Cache Size 512 256 512 1024 

L3 Cache Size 4096 8192 8192 8192 

Total Power [W] 4.309 4.549 0.658 0.660 

Execution Time [ms] 28.153 28.139 144.625 144.809 

EXH - Exhaustive search 

DSE - Proposed design space exploration methodology 

Table 3 also presents the power-performance values for configurations obtained from fully 

exhaustive search as well as from our methodology. We observe that for high-performance 

requirement, our methodology provides a trade-off solution with execution-

time/performance within -0.05% and total power within 5.27% of the solution obtained 

from fully exhaustive search. We also note that the configuration obtained for high-

performance requirement has a higher core count (i.e., 8 cores) and a higher operating 
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frequency (i.e., 3200 MHz) as compared to the configuration obtained for low-power 

requirement (i.e., core count of 2 and the operating frequency of 1700 MHz). For low-

power requirement, our methodology provides a trade-off solution with total power within 

0.3% and execution time/performance within 0.12% of the solution obtained from fully 

exhaustive search. These configuration settings can be explained intuitively. Having a large 

number of cores working at high frequencies favors high performance whereas having 

fewer cores operating at low frequencies result in reduced power consumption. 

On average, our methodology attains power values within 1.35% for low-power 

requirement and performance values within 3.69% for high-performance requirement as 

compared to fully exhaustive search exploration. Our methodology explores 593 

configurations in total for all PARSEC test benchmarks (Section 5) for low-power 

requirement, and 648 configurations in total for high-performance requirement. The 

average percentage of the design space explored by our methodology falls within 2.74% - 

3%. Hence, our methodology provides a speedup of 35.32× as compared to fully exhaustive 

search exploration. These evaluations verify that our methodology explores the design 

space in a highly efficient manner. 

6.1.5. Comparison with PLATUNE design space exploration methodology 

The PLATUNE (Givargis & Vahid, 2002) design space exploration methodology is an 

efficient exploration technique useful for discovering Pareto-optimal configurations. The 

worst-case running time for this methodology is bounded by 𝒪(𝐾 × 𝑀
𝑁

𝐾), where 𝐾 denotes 

the number of strongly connected components in clusters, 𝑁 denotes the number of 
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parameters and 𝑀 denotes the upper bound on the number of possible settings for each 

parameter. In the best case, when 𝐾 =  𝑁, the running time of their methodology is linear, 

𝒪(𝑁). In comparison, the running time of our methodology is 𝒪(𝑇) and strictly depends 

on the exhaustive search limiting threshold provided by the system designer. We also 

compared our results to results reported for PLATUNE in (Givargis & Vahid, 2002) and 

(Sheldon, 2011, Dec). We observe that our methodology is accurate to within 4% of results 

fully exhaustive search while exploring less than 3% of the design space whereas their 

methodology is accurate to within 8% of gate-level simulation while exploring around 

0.2% of the design space. 

6.2. Evaluation Results for Larger Design Space 

For the larger search space, we evaluate our methodology by comparing the results (design 

configurations) obtained by varying the exhaustive search threshold between two values - 

𝑇 =  400 and 𝑇 =  1,200. Here, we present a side-by-side comparison of the power-

performance values and design configurations (tunable parameter settings) obtained from 

these two exhaustive search threshold values. 

6.2.1. Parameter Significance 

  shows the normalized values of parameter significance for SPLASH-2 test benchmarks 

for high performance requirements. As expected, we find that the operating frequency is 

the most significant tunable parameter for performance improvement. This is consistent 

with the results obtained for the smaller design space. The second most significant 
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parameter in case of the smaller design space is cores count, but with the addition of new 

tunable parameters - fetch/issue/retire width, reorder buffer size and branch prediction, we 

find that this is no longer the case. Although, cores count does remain a significant 

parameter, reorder buffer size takes its place as the second most significant parameter after 

operating frequency. This is expected because reorder buffer size directly relates to 

performance, as a higher reorder buffer size allows more instructions to be executed out of 

order which increases instruction level parallelism (Garcia Ordaz, Molina Lozano, & 

Peredo Macias, 2012) and hence improves performance. For most benchmarks, we observe 

that the fetch/issue/retire width is the third most significant parameter. We note that a 

higher fetch/issue/retire width also increases instruction level parallelism which results in 

performance improvement (Ekman & Stenstrom, 2003, Oct). 

Figure 9: Significance of tunable parameters for high-performance requirement for 

SPLASH-2 benchmarks on the larger design space. 
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6.2.2. Pareto Fronts 

Figure 10 and Figure 11 show the Pareto fronts for the different exhaustive search threshold 

values plotted one over the other for the test benchmarks Ocean_cp and Radix. From these 

Pareto fronts, we observe that for higher value of the exhaustive search threshold, the 

approximation of the Pareto front is better than the lower value of exhaustive search 

threshold. We note that although the Pareto fronts are significantly different, the design 

Figure 10: Comparison of Pareto fronts with exhaustive search threshold values 𝑇 = 400 

and 𝑇 = 1,200 for Ocean_cp (SPLASH-2) test benchmarks. 
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configurations (tunable parameter settings) obtained from our methodology for the 

different threshold values are fairly consistent. 

  

Figure 11: Comparison of Pareto fronts with exhaustive search threshold values 𝑇 = 400 

and 𝑇 = 1,200 for Radix (SPLASH-2) test benchmarks. 
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Table 4: Comparison of settings for SPLASH-2 benchmark for 𝑇 = 400 and 𝑇 = 1,200 for 

high performance requirement. 

 

Ocean_cp Radix 

𝑻 = 400 𝑇 = 1200 𝑻 = 400 𝑇 = 1200 

Cores 2 2 4 4 

Frequency 3200 3200 3200 3200 

L1-I Cache Size 8 128 8 128 

L1-D Cache Size 32 128 64 16 

L2 Cache Size 1024 512 1024 512 

L3 Cache Size 4096 8192 8192 8192 

FIR Width 16 4 2 2 

ROB Size 256 256 64 64 

Branch Prediction X2 X2 X2 X 

Total Power [W] 2.622 2.312 2.137 1.798 

Execution Time [ms] 74.126 66.096 7.264 7.245 

Table 4 presents a comparison of the configurations obtained from our methodology for 

different values of exhaustive search threshold, 𝑇. We observe that the values obtained 

using these different exhaustive search threshold values are highly consistent. The 

significant parameters - operating frequency, reorder buffer size, fetch/issue/retire width 

and cores count are mostly similar in the results (design configurations) obtained using 

these two exhaustive search threshold values. 
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The power-performance values for the results (design configurations) obtained from our 

methodology for the different threshold values are also presented in Table 4. Before 

comparing these values, we note that the maximum and average execution times 

(maximum, average) in ms obtained for all configurations simulated for Ocean_cp 

benchmark are (305.84, 149.47) and the same for Radix benchmark are (46.62, 21.25). The 

execution time values obtained for results (design configuration) obtained for 𝑇 = 400 for 

the Ocean_cp benchmark and Radix benchmarks are 74.126 ms and 7.264 ms, respectively. 

The execution times obtained for the same benchmarks with 𝑇 = 1,200 are 66.096 ms and 

7.254 ms, respectively. Comparing these values to the maximum and average execution 

times obtained for all design configurations simulated for these benchmarks, we observe 

that our methodology determines design configurations with significantly smaller 

execution times (and hence higher performance). 

We also note that there is much improvement in the results when using a higher threshold 

value. From Table 4 we see that increasing the threshold value from 400 configurations to 

1,200 configurations yields an improvement in power and performance by -73.18% and -

10.83%, respectively, for the Ocean_cp benchmark and by -15.86% and -0.26%, 

respectively, for the Radix benchmark. This improvement can be explained by the Pareto 

fronts presented in Figure 10 and Figure 11 which show that the approximation of the 

Pareto front is better when a higher value is used as threshold for exhaustive search. This 

conforms with the observation presented by Silvano et al. (Silvano, et al., 2010, Jul). 

The number of design configurations explored to obtain the results presented in Table 4 

are 122 and 154 for Ocean_cp and Radix benchmarks, respectively, for threshold 𝑇 = 400. 



48 

 

 

 

The same for threshold 𝑇 = 1,200 are 598 configurations for Ocean_cp and 662 for Radix 

benchmark. This translates to 0.15% of the design space for threshold value 𝑇 = 400 and 

0.72% for threshold value 𝑇 = 1,200. From these results, it is evident that our methodology 

determines design configurations which yield significantly better values for design metrics 

by exploring a very small portion of the design space. Thus, our methodology is a reliable 

and efficient alternative for design space exploration. 
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7. CONCLUSION AND FUTURE WORK 

In this thesis, we proposed a four-step methodology for efficient design space exploration 

and tunable parameters optimization for multicore/manycore architectures. The first phase 

determined good initial settings (within 51.26% of the best setting) for each of the tunable 

parameters before beginning the search process. The second phase consisted of a set 

partitioning algorithm which separated the parameters into different ordered sets based on 

the significance of the parameters with respect to the objective function and the exhaustive 

search threshold factor supplied by the system designer. The third and fourth steps 

consisted of exploring the subsets obtained from the second phase by exhaustive search 

and greedy search, respectively. 

To verify our methodology, we tested it on both small and large processor design spaces. 

For the smaller design space, containing six tunable parameters, we compared the results 

(design configurations) obtained from our methodology with the results obtained from fully 

exhaustive search. The results reveal that our methodology provided results with quality 

within 1.35% - 3.69% of the result quality obtained from fully exhaustive search, while 

only exploring 2.74% - 3% of the design space on average, resulting in a speedup of 35.32× 

as compared to fully exhaustive search. For the larger design space, containing nine tunable 

parameters, we compared the results (design configurations) obtained by varying the 

exhaustive search threshold between two values, 𝑇 = 400 and 𝑇 = 1,200. We observed that 

the design configurations obtained for both these exhaustive search threshold values were 

highly consistent and were significantly better than the average of all other design 

configurations simulated. Our evaluation also revealed that the approximation of the Pareto 
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front is better for 𝑇 = 1,200 as compared to the same for 𝑇 = 400. This shows that including 

more number of tunable parameters in the exhaustive search phase of our methodology 

greatly improves the solution quality, which is consistent with findings of Silvano et al. 

(Silvano, et al., 2010, Jul). Also, our methodology determined results for the specified 

application requirements by exploring only 0.15% - 0.72% of the larger processor design 

space. These results verified that our methodology explores the design space efficiently 

and provides high solution quality. 

In the future, we hope to improve on our algorithm by developing a better method for initial 

one-shot parameter optimization. We intend to investigate full-factorial design method to 

improve on this step. We plan to improve the set partitioning algorithm by using a better 

cut-off value for set partition instead of using the exhaustive search threshold value that we 

are currently using. Another future goal is to compare our methodology against other forms 

of parameter optimizations using genetic-evolutionary algorithms and machine-learning 

algorithms.  
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