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ABSTRACT 

This dissertation presents a novel intelligent embedded multi-objective multiple 

design space exploration methodology (IMODE) to support fast early system level 

System-on-Chip (SoC) design space exploration in order to improve design productivity 

and quality.  

The IMODE methodology uses two soft-computing technologies – a Pareto multi-

objective genetic algorithm and a fuzzy logic system at their respective advantages to 

effectively and efficiently explore multiple large design spaces and make intelligent 

design decisions. The design space search process is guided by the Pareto multi-objective 

genetic algorithm to heuristically cover large design spaces and the design decision is 

performed by the fuzzy logic system based decision making engine which introduces 

another layer of computation intelligence on top of the intelligent design space search 

process.  

The IMODE methodology is unique and more comprehensive than many other 

existing SoC design space exploration methodologies in that design space exploration 

and decision making are two separated but still interdependent processes, and all 

heterogeneous design space explorations – computation/core exploration, communication 

architecture exploration, and physical design exploration, are integrated into a single SoC 

exploration flow and covered with a unified methodology which can significantly 

improve methodology continuity.  
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1 INTRODUCTION 

1.1 Motivations 

The recent evolutionary development of silicon integration and manufacturing 

technologies has enabled the IC industry to integrate several hundreds of millions of 

transistors onto a single chip. According to Moore’ Law, transistor density has been and 

will be doubled every two years. In 2005, the number of transistors integrated on SoCs 

has increased to 200 million and is expected to continue increasing dramatically. By the 

end of the decade, the number of transistors integrated on a single chip using 50-nm 

transistors operating below one volt, will grow to 4 billion transistors running at 10 GHz 

[1]. With this silicon integration density, nowadays an entire chip with multiple 

functional domains can be implemented and integrated onto a single silicon chip. This 

trend of design, integration, and manufacturing is called “System-on-Chip (SoC)”.  

Figure-1 [2] illustrates a SoC consisting of ARM9 core, on-chip Bus Interconnect 

architecture, multimedia engine, DMA, display sub-system, on-chip memory, peripherals, 

external bus interfaces, etc.  

The recent trend in the SoC design industry is the rapid convergence of consumer 

electronics, wireless communication, information technology, multimedia, and 

entertainment industries. A typical example is the evolution of cell phones which are no 

long just mobile communication handhelds, but multifunctional terminals supporting 

MP3 players, video gaming, high speed video streaming, Internet browsers, emails, PDA, 

digital camera and camcorder, GPS, etc. The design of mobile phones involves 
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microprocessors, DSPs, RF, memory sub-system, on-chip bus architectures, power 

management, hardware accelerators, application sub-systems, wireless communication 

protocols, multimedia, peripherals, operating systems, compiler, device drivers, and 

application software, etc. 

Figure 1-1: A SoC example 

Due to short product life cycles and rapidly growing functional and performance 

demands in consumer products, the key requirement for a consumer SoC design is to 

achieve higher performance, more functions, less power consumption, smaller area 

footprint, and shorter time-to-market (TTM).  The increasing maturity of IP cores make it 

possible to design and differentiate SoC by integrating and configuring IPs with limited 

ASIC logics, so more and more SoCs are built from pre-designed, pre-characterized, pre-

verified intellectual property blocks (IPs or cores) in stead of custom ASICs in order to 

meet aggressive product TTM and dramatically increased functional requirements and 
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design complexity. As estimated, the block reuse could reach 48% by 2016 [3].  A typical 

SoC architecture usually consists of a primary microprocessor that coordinates main 

system functionality and behavior, a number of PEs (processing engines) which handles 

specific tasks or functions such as multimedia, peripherals, memories, and 

communication architecture.  

Even with extensive IP reuse in the SoC design, the system complexity is still 

overwhelming the conventional primarily RTL level ASIC design methodologies. 

Conventional RTL level ASIC design methodologies are too low level for proof-of-

concept prototyping and chip level performance/cost trade-off evaluation. The rate of 

ASIC design productivity improvement has not kept pace with chip capacity as shown in 

Figure 1-2 [4]. 

 

Figure 1-2:  Design productivity and chip capacity gap 
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� RTL level simulation and evaluation can provide relatively accurate 

information about system performance, but it takes very long time to develop 

for a complex system, and simulation speed at this level is very slow and 

therefore cannot support fast system architecture exploration with large design 

spaces.  Moreover, it would be too late and too expensive to fix system 

architectural problems at RTL level. 

� The conventional RTL level ASIC design methodology address mainly the 

hardware aspects of design. This results in a sequential and decoupled 

software and hardware design flow where software design can only start when 

hardware is almost completed. The late involvement of software in the overall 

development cycle leaves little room for software – related development, 

including device driver, software architecture and algorithms, performance 

and power optimization. Furthermore, the different impacts of various SoC 

architecture alternatives on software performance cannot be evaluated. 

However, the increasing cost of developing software, which now account for 

80% or more of embedded system development cost, requires software 

architecture or algorithm to be evaluated as early as possible, especially for 

multi-core systems [3]. So the level of abstractions has to be raised to the 

system level where hardware and software are designed and evaluated 

together and the SoC architecture can be quickly explored and evaluated.  

The key feature of system level design is to perform mapping from system 

functionality onto system architecture in order to find an optimal system architecture with 
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best performance and least costs. One of the major advantages of system level design is 

that we are able to abstract gate or cycle accurate information to a higher level of 

abstractions, however, the cost of doing this is that information at system level is not as 

accurate as lower levels and very often they are estimation. 

  To achieve a optimal system architecture, various system architecture alternatives 

need to be explored and multiple incomparable and often competing design objectives, 

for example, system performance, cost, power consumption, and chip area have to be 

evaluated simultaneously under system specifications and constraints for each system 

architecture alternative. Furthermore, with the availability of IPs from different IP 

vendors that are able to execute a same system task, the selection of an IP needs to be 

evaluated in the context of the system level. This is referred as Design Space Exploration 

(DSE).  

Modern SoC designs require designers to fully understand not only the functionality, 

interface, performance, power consumptions, and electrical characteristics of these 

complex IP cores, but also chip level integration issues such as the overall chip level 

system performance, concurrency, power consumption, chip area, hardware/software 

partitioning, hardware IP core selection, memory system architecture, on-chip 

communication architecture, placement and routing, timing closure, and costs.  

Exhaustion of all possible design alternatives is desirable, but not practical due to 

short TTM and the magnitude of design spaces. With a variety of domain knowledge 

involved in SoC designs, it is not easy to find a single designer or team that is equipped 
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with all required knowledge and experience. Therefore, an efficient and intelligent design 

space exploration and decision making system is needed to increase design productivity 

and quality.  

1.2 Research Goals and Contributions 

In this research, we proposed an intelligent embedded multi-objective multiple 

design space exploration methodology (IMODE) to effectively explore multiple design 

spaces and support intelligent design decision making based on design specifications and 

constrains. The IMODE methodology leverages the two soft-computing technologies – 

Pareto multi-objective genetic algorithms and Fuzzy logic systems to heuristically and 

effectively explore large design spaces and make intelligent design decisions. The 

IMODE methodology provides and supports:  

� A unified methodology to cover DSE problems for different design phases in the 

top down design flow. It consists of three major design space exploration engines, 

including: Computation/Core Exploration (CCE), Communication Architecture 

Exploration (CAE), and Physical Design Exploration (PDE) to explore different 

design phases. These three design space explorations are no longer separated, but 

cohesively working together to fully explore a design alternative in order to 

provide a more complete and more accurate picture of a design alternative than 

traditional separate design space exploration methodologies. The “embeddedness” 

represents the interdependency among various design spaces. 
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� Two-way links among various design space explorations. The connections 

between design space explorations are realized by the two-way links: forward link 

– a solution in current design space is the start point of next design space 

exploration; feedback loop – the design impact of a lower level design phase is 

visible at higher level design phases.  

� A fuzzy logic system based decision maker to support multi-objective design 

decision per design space exploration. Fuzzy logic based decision maker explains 

accumulated domain knowledge, reflects design preference among individual 

design objectives, and address data imprecision and uncertainty at the system 

level design. 

� Global objectives vs. local objectives and associated global Pareto vs. local Pareto. 

In IMODE methodology, each design space has their own local design objectives 

and constrains, objective evaluation functions, genetic operators, selection scheme, 

etc. in order to handle design space–specific issues. However, the IMODE 

methodology also maintains a set of global objectives and constrains to provide a 

complete picture for the entire SoC to the system architects. 

� A single Pareto multi-objective genetic algorithm to support various 

heterogeneous design space explorations.   
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1.3 Dissertation Organization 

This dissertation consists of 6 Chapters. Chapter 1 provides an introduction to the 

research motivations, goals, and contributions of the IMODE methodology. Chapter 2 

summarizes related work and trend in the area of design space explorations and briefly 

introduces two related soft-computing technologies – Genetic algorithms and Fuzzy logic.  

Chapter 3 presents the overall IMODE methodology and common algorithm architectures, 

flow, and framework. Chapter 4 describes the applications of the IMODE methodology to 

computation/core exploration, communication architecture exploration, and physical 

design exploration. Chapter 5 presents the fuzzy logic based design decision maker for 

IMODE design space explorations. Chapter 6 summarizes the dissertation, shows the 

IMODE framework implementation and sample results, and presents concepts for future 

research directions.  
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2 RELATED WORK 

This chapter presents brief reviews of the methodologies, approaches, and 

algorithms that are related to system level design space exploration and decision making.  

2.1 Software and Hardware Co-Design/Co-synthesis 

A traditional ASIC design flow starts from design requirements and specifications 

based on which design tasks are roughly divided into software and hardware 

implementations. Software design team usually develop real-time C programs, device 

drivers, and application software; hardware team usually work at RTL level to design and 

develop overall chip architecture, application sub-systems, memory architecture, bus 

architectures, and power management IC, etc. Finally, at the every late phase of the 

design cycle – integration phase, the software team can test their software on the actual 

silicon and also only at this point the overall system performance and functionality can be 

verified against design specifications and requirements. 

Due to the lack of early integration and evaluation of hardware and software in 

traditional ASIC design flows, under-designed or over-designed problems could only be 

identified at the integration phase where they are much more difficult and costly to 

correct.  

� Under-designed or design errors – the hardware architecture cannot meet the 

performance requirement of running required software or support 

functionality of software programs. This could cost very expensive re-spin and 
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a delayed release of a product. 

� Over-designed – the hardware architecture provides more processing ability 

and storage capacity than what are really need. The result of this could be a 

higher cost, larger chip area, more power consumption, or an unnecessary 

waste of man power. 

In recent years, many researches in the design automation community have been 

focusing on developing effective approaches to achieve early hardware and software 

integration and evaluation in order address these issues and the main focuses have been 

hardware/software co-design [5, 6, 7, 8, 9, 10, 11, 12, 13, 14] of the embedded systems. 

Co-design is a term referring to design methodologies where hardware design and 

software design are no longer separated processes, but closely-coupled and highly 

interdependent design processes. Co-design methodologies share the vision that the 

mutual impacts of hardware and software could be evaluated at early design phase (could 

be as early as system level) with the help of higher-level of abstraction and modeling, 

design space exploration, and performance characterization and evaluation. A good 

survey on co-design methodologies and frameworks can be found in [15]. Co-synthesis 

methodologies [16, 17, 18, 19, 20, 21, 22, 23] is another step forward with abilities of 

auto-synthesizing high-level models into C code for software and HDL code for hardware. 

For the rest of this dissertation, we will not differentiate co-design and co-synthesis and 

refer them all as co-design. 
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2.2 Design Space Exploration 

Conventional co-design methods typically start from a set of system specifications 

and constrains and then gradually refine and synthesize them into an architecture 

implementation by ad hoc approaches based on designer’s experience and previous 

designs. Then hardware/software co-simulations [24, 25, 26, 27] are used to simulate the 

software and hardware components in order to evaluate the overall system performance. 

The common practice is to use microprocessor specific instruction set simulators (ISS) to 

simulate the software part, while a HDL simulator is use to simulate hardware part. The 

hardware and software simulators may run apart from each other, or they may also be 

integrated through inter-processes communications (IPC) to implement co-simulation.  

However, the shortcoming of this co-simulation approach is that such detailed 

simulators (instruction-level or cycle accurate) require considerable effort to build and 

suffer from low simulation speeds. Therefore, co-simulation can be used to verify, 

characterize, and evaluate a final design solution, but they are not suitable for fast design 

space exploration and design alternative trade-off analysis at the early design phase. With 

the availability of various reusable IP cores, a same functional specification can be 

implemented by a broad range of computation and communication architectures which 

could result in several orders of magnitude difference in performance, power 

consumption, or chip area. Obviously, the conventional co-design methodologies have 

the laid the foundation for early hardware and software integration and evaluation, but 

their evaluation capacity are limited to a single or very few of design solutions derived 
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from processor-centered template architectures because they are lacking of fast and 

efficient design space exploration process and design alternative trade-off analysis. 

The term “design space exploration" (DSE) originates from logic synthesis [28]. 

By exploring possible synthesis constraints and performance/area tradeoffs, designers are 

able to evaluate various performance/area tradeoffs. In order to support early design 

decisions and handle increasing design complexity, design space exploration today are 

more and more performed on the system level. A systematic exploration often follows the 

Y-chart approach [29] [30] shown in Figure 2-1. The Y-chart approach separates system 

behavior (function), system architecture, and physical implementation and the design 

granularities are specific to different level of abstractions.  

 

Figure 2-1: The Y chart approach 

The key requirements to a DSE methodology are that it should be able to 

effectively implement the system behavior to system architecture mapping, evaluate 
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trade-off quickly, and cover the design space thoroughly. The way to explore the design 

space is to systematically modify the function/resource mappings. Ideally, an exhaustive 

design space search would provide most complete trade-off analysis, however, the 

magnitude of design spaces could explode exponentially with the increasing numbers of 

design parameters, architectural alternatives, etc., and have become prohibitive and 

infeasible to perform exhaustive search. By calculation from [31], to fully explore and 

evaluate all design configurations in their design, it could take times of the order of tens 

of millions of years considering on average of 1.5 second evaluation time for timing and 

power consumption analysis for a single configuration. Furthermore, SoC systems are 

usually heterogeneous in nature using multiple computation, communication, memory, 

and peripheral resources. To effectively cover heterogeneous design spaces which are 

usually multi-objectives and NP-hard, intelligence algorithms are needed to instrument 

the search process. Therefore, majority of DSE algorithms have been using soft-

computing based heuristic search algorithms to facilitate design space exploration.  

Many researches have been done in the DSE area. Here, we only list some of 

these efforts. [32] utilized a multi-objective GA to explore computational resource and 

task mapping and focused on area and timing trade-offs without exploring bus 

architecture and PD impacts. [33] used a genetic algorithm to perform both bus 

partitioning and bus frequency assignment to each of the bus segment simultaneously 

while optimizing both power consumption and performance of the system. The objective 

function is a weighted sum of power consumption and performance. [34] used a multi-

objective genetic algorithm to solve the problem of mapping a set of task graphs onto a 
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heterogeneous multiprocessor platform. The objective is to minimize system cost and 

power consumption while still meet all real-time deadlines, local memory sizes, and 

interface buffer sizes constrains. [16] proposed an adaptive multi-objective genetic 

algorithm to partition embedded system specifications to IP cores based on task graphs. 

Core allocations and mapping are optimized by a genetic algorithm, but clock selection, 

bus architecture generation, and floorplanning generation are implemented by 

constructive algorithm, not fully explored.  [35] used a genetic algorithm for the system 

hardware/software partitioning problem. Fitness function is a weighted linear 

combination of the characteristic values. [36] explored the bus design space with a 

simulated annealing approach and focuses on finding a feasible bus architecture that 

meets bus performance requirements and bus clock cycle timing violation constrain with 

consideration of floorplanning impact. [37] used a genetic algorithm to automate the 

generation of bus architecture parameters to meet performance requirements with pre-

defined bus topologies. [38] presented a genetic algorithm based approach to design and 

analyze clock tree. [39] used a genetic algorithm to explore floorplanning alternatives in 

order to optimize area. [40] used genetic algorithm for VLSI macro cell layout design. 

[41] developed a multi-objective genetic algorithm to explore and evaluate parameterized 

VLSI system designs. [42] used Monte Carlo methods based random search to find 

approximate Pareto curve to analyze design trade-offs for various architecture parameters. 

[31] used a multi-objective genetic algorithm to explore parameterized SoC architecture 

by grouping interdependent parameters into subspaces. [43] developed a greedy heuristic 

approach to create a best architecture at each iteration and gradually refine the candidate 
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design solution with static performance estimation. [44] developed an augmented 

simulated annealing synthesis tool that primarily targeting memory allocation with 

simultaneous bus architecture synthesis with consideration of system performance and 

floorplanning impact. The design objectives are summed together with predefined 

weights. 

2.3 Soft-Computing Technologies 

Zedeh pioneered the definitions of soft-computing. The main goal of soft 

computing is to develop intelligent machines and to solve nonlinear and mathematically 

unmodelled system problems [45].   

Zedeh states “Basically, soft computing is an association of computing 

methodologies which includes fuzzy logic, neurocomputing, evolutionary computing and 

probabilistic computing. An essential aspect of soft computing is that its constituent 

methodologies are, for the most part, complementary and symbiotic rather than 

competitive and exclusive. ” 

Today, soft computing techniques have been widely used in various intelligent 

system designs. The areas where soft-computing had been used are listed in [46]. In the 

following sections, we will briefly introduce two soft-computing techniques – genetic 

algorithms (evolutionary computing) and fuzzy logic that are used for design space 

search and decision making respectively in this research. 
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2.3.1 Multi-objective Design Space Search Algorithms  

A Design Space Exploration (DSE) problem usually contains multiple competing 

design objectives, such as power, timing, area, cost, etc, and a highly complex search 

space. Improving one objective often means deterioration of other objectives. For 

example, reducing chip area often results in more power consumption due to traffic 

congestions and heat impact. As we can see, a SoC design problem is inherently a multi-

objective optimization problem.  

The optimality of a solution in multi-objective optimization context is not an 

absolute optimality anymore – a single solution is better than any other solutions in all 

aspects, but has a new definition – Pareto optimality, that is, no other solutions are 

superior to it when all objectives are considered. A collection of Pareto solutions are 

called Pareto optimal set or Pareto front.  The ultimate goal of a multi-objective 

optimization algorithm is to identify solutions in the Pareto optimal set. However, 

identifying the entire Pareto front is practically impossible in many cases due to large 

search space. Therefore, a practical approach is to use heuristic search methods to find a 

subset of Pareto solutions that can sufficiently represent the Pareto front.   

Simulated annealing and genetic algorithms are two most common multi-

objective heuristic search algorithms, because of their ability to handle large search 

spaces and evaluating multiple design objectives simultaneously. Simulated annealing 

(SA) [47] is a search algorithm mimics the cooling process of a solid. The search process 

starts with a random solution in the search space and then updates the existing solution to 
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create a new solution at each iteration. If the new solution is better than the existing one, 

it replace to existing one. If not, the new solution will replace the existing one with 

probability – P(t), where t is time. The acceptance probability is called temperature in SA 

and is initialized to close to 1 and gradually reduces to zero. As the temperature reduces, 

the probability of accepting a “worse” solution is lowered. The acceptance of “worse” 

solutions is essential for a SA algorithm to escape local maxima. The main shortcoming 

of SA algorithms is that SA only process one candidate solution at a time. SA is not able 

to create a Pareto front to represent the entire search space and leverage previous 

solutions to guide the search direction. Furthermore, a SA algorithm usually has to use 

weighted sum approaches to formulate a single objective function to compare solutions to 

decide that a new solution is better or worse than the current one. As usually, selecting 

appropriate weights for objectives are ad hoc and objective.  

On the contrary, GA works on a population of solutions to create new solutions 

and guide the search direction. A generic single-objective GA can be modified to find a 

set of multiple non-dominated solutions in a single run. Therefore, GAs have been the 

most popular heuristic approach to multi-objective design and optimization problems. It 

is reported that 90% of multi-objective optimization approaches aimed to approximate 

the true Pareto front and 70% of all heuristics approaches were based on evolutionary 

approaches [48]. Many papers [49, 50, 51] have provided excellent introductions and 

surveys on genetic algorithms and related multi-objective optimization. In the following 

section, we provide a summary of multi-objective genetic algorithms.   



29 
 

 
 

2.3.2 Multi-objective Genetic Algorithms 

A genetic algorithm (GA) is a heuristic search and optimization technique, which 

mimics the natural selection and evolution process – “survival of the fitness” first clearly 

stated by Charles Darwin in “The Origin of Species”. In nature, stronger or fitter species 

have greater opportunity to pass their genes to future generations via reproduction. 

Weaker or less fit species are eliminated during the evaluation process by natural 

selection. The basic principles of GAs were first formulated by Holland [52].  In the 

following, we summarize some important features of GAs.   

� Solution Representation – Chromosome Encoding 

A key component to a successful GA is to define a chromosome structure that can 

effectively and efficiently represent the problem solution. This requires a mapping 

mechanism between the solution space and the chromosomes. This mapping is called 

chromosome encoding. In fact, GAs work on the encoding of a problem, not on the 

problem itself. A chromosome could be a one-dimension array, a linked list, or a tree etc. 

Normally, a chromosome corresponds to a unique solution in the solution space. 

Elements of chromosomes are called genes. The simplest format of a gene is 1 or 0, 

however, many more gene types have been developed to fit different application 

requirements. GAs operate on a collection of chromosomes, called a population to 

perform evolution – search process. The population is normally randomly initialized and 

updated at each iteration.  
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� Selection Schemes 

Selection schemes define how chromosomes are selected to perform reproduction 

operations to create new offspring. Majority of selection schemes are based on fitness 

scores of chromosomes. Each chromosome is assigned a “fitness score” to indicate how 

good it is. Higher fitness score usually means that this chromosome has larger chance to 

be selected to “reproduce” offspring chromosomes. The least fit chromosomes are less 

likely to be selected to reproduce and therefore, eventually be removed from the 

population. Essentially, selection is the mechanism in GA to steer the search to target 

regions in the search space. In the case of multiple objective optimizations, the selection 

scheme should direct the search to find a uniformly distributed Pareto optimal front 

which can effectively represent the entire design space. 

There are many selection strategies available in the literature, but ranking, roulette 

wheel, tournament, and uniform selections remain most popular ones. The ranking 

selection picks the chromosomes with best fitness scores. Roulette wheel picks a 

chromosome based on the magnitude of the fitness score relative to the rest of the 

population. The higher the score, the more likely a chromosome will be selected. 

However, any chromosome has a probability p of being chosen where p is equal to the 

fitness of the chromosome divided by the sum of the fitness of each chromosome in the 

population. Tournament selection uses the roulette wheel method to select two 

chromosomes then picks the one with the higher score. Uniform selection picks 

chromosomes randomly from the population. Any individual in the population has a 
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probability p of being chosen where p is equal to 1 divided by the population size. Please 

note, the selection scheme is largely dependent on applications. 

� Fitness Assignment 

Fitness score decides the probability that a chromosome is selected for 

reproduction and therefore is the core issue in GA. Please note, GA uses the fitness 

scores, not the objective scores, for selection. It is also important to note the distinction 

between fitness and objective scores. An objective score is the result value of an 

objective function, for example, the power consumption of an application. The fitness 

score, on the other hand, is a transformed scalar score based on one or all objective scores. 

There are many types of fitness assignment approaches which can be categorized into 

three major categories: weighted sum, objective switching, and Pareto ranking. 

Weighted Sum based Fitness Assignment. This approach translates a multi-

objective optimization problem to a single objective optimization problem by assigning a 

weight to each normalized objective function and summing them up. Different weights 

will generate different search results. The main shortcoming of this approach is that 

objective function weights have to be pre-defined for each run given multiple results are 

needed and it is difficult and objective to pre-define weights in advance. For early design 

exploration, this method is not desirable because it is difficult to pre-decide accurate 

objective weights at early design stage because of uncertainty and information inaccuracy. 

WBGA [53] is a typical example in this category. 
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Objective Switching based Fitness Assignment. This approach does not aggregate 

all objective functions into a single one, but divide population into sub-populations and 

associate one objective function to one sub-population. Thus, each one of sub-population 

can be treated as a single objective optimization problem. Solutions from these 

subpopulations are selected for crossover and mutation. The major drawback of objective 

switching is that the population tends to converge to solutions which are superior in one 

objective, but poor at others [49]. A similar approach is to use only a single objective 

function which is randomly determined each time in the selection phase. [54] [55] [56] 

are the typical examples of this type of GA. 

Pareto Ranking based Fitness Assignment. This approach uses the concept of 

Pareto dominance to determine the chromosome fitness score and rank population. Non-

dominated individuals are stored in a Pareto set and the Pareto set will be updated each 

iteration. The main advantage is that it does not need pre-defined weights compared to 

the weighted sum approach and can return a Pareto set for further decision making. The 

first Pareto GA was proposed by Goldberg [57]. NSGA [58], SPEA [59], and MOGA [60] 

are the typical example of in this category. The Pareto ranking based approach has 

become the main stream approach for multi-objective GA. 

� Reproduction Operators 

GAs use two operators to generate offspring from parents: crossover and mutation. 

Reproduction operators are largely based on the chromosome encoding scheme and are 

application-specific. Here, we briefly introduce the concept of these two operators.  
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• Crossover is the most efficient reproduction operator which exchanges genes 

from two existing chromosomes, called parents, to form new chromosomes, 

called offspring. A crossover for binary string encoded chromosomes can be 

illustrated as Figure 2-2.  

 

Figure 2-2: A binary crossover operation 

• Mutation introduces random changes into genes of a chromosome in order to 

reintroduce diversity and escape local optima. A mutation for a genome with 

binary string encoding can be illustrated as Figure 2-3. 

 

Figure 2-3: A binary mutation operation 

Figure 2-4 describes the generic process of a genetic algorithm. At first, the GA 

population is randomly initialized and each individual in the population is evaluated and 

assigned a fitness score. Then at each generation, parents chromosomes are selected by 

pre-defined selection scheme for crossover or mutation based on crossover or mutation 
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probability. The result offspring are evaluated and assigned fitness score. Depending on 

population replacement strategy, the GA population is updated, for example, offspring 

replace parents in the population. If stop criteria is met, then the search terminate. 

Otherwise, a new generation will be evolved.  

 
 

Figure 2-4: A generic process of GA 

 

 

 



35 
 

 
 

2.3.3 Fuzzy Logic  

Obviously, without defining preference among design objectives, the Pareto 

optimal solutions generated by the multi-objective GA would not provide much 

meaningful information to SoC designers. As this research is focusing on early design 

space exploration when many design information are not very accurate or available, it is 

desirable to have an intelligent system that can not only reason on these imprecise 

information, but also provide support on design decision. Another soft-computing 

technology – Fuzzy Logic seem to be a good candidate in this context. Fuzzy logic has 

been widely applied in many operation research areas and there are many literatures 

existing on fuzzy multi-criteria decision-making. Details of fuzzy logic and fuzzy set 

theory can be found in the literature [61] [62]. Here, we briefly introduce some important 

concepts in fuzzy logic systems to serve as background information. 

Lotfi Zadeh pioneered the concept of fuzzy logic in 1965 to mimic the ability of 

human mind to effectively reason based on approximate or imprecise information. Fuzzy 

logic is built on the concepts of fuzzy set theory, linguistic variables, and fuzzy 

relationships. Fuzzy set theory extends and generalizes the crisp set theory in order to 

handle fuzzyness, vagueness, uncertainty, or imprecision in real world problems. In fuzzy 

set theory, an element can belong to a set with a degree of membership from [0, 1]. Crisp 

set are a special case of fuzzy sets, where the degree of membership can only be 1 (true) 

or 0 (false).  A fuzzy set A on a universe of discourse U can be characterized by a 
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membership function ����� ∊ [0, 1]. Fuzzy sets could be linguistic terms like slow, fast, 

small, medium, large, etc.         

The most commonly used shapes for membership functions are triangular, 

trapezoidal, piecewise linear, and Gaussian. Figure 2-5 shows the triangular and 

trapezoidal membership functions. Fuzzy set operations are analogous to crisp set 

operations, but the main difference is that fuzzy sets operations are defined in terms of 

their membership functions. Fuzzy union, interaction, and complement can be defined 

respectively as:  

���	��� 
 max  ������, �	���� 
���	��� 
 min  ������, �	���� 

������ 
 1 �  ����� 

 

 

Figure 2-5: Triangular and trapezoidal membership functions 



37 
 

 
 

Fuzzy relations present a degree of presence or absence of association or interaction 

between the elements of two or more sets. Let U and V be two universes of discourse. A 

fuzzy relation R(U, V) is also a fuzzy set defined in the product space U×V and is 

characterized by a membership function uR(x,y), where x ∊ U and y ∊ V, and uR (x,y) ∊ 

[0,1] .   

Fuzzy inference maps an input fuzzy set to an output fuzzy set. Take a simple fuzzy 

rule as example, “IF x is A, THEN y is B”. The “IF” part is called antecedent and the 

“THEN” part is called consequent. In crisp logic, this rule is only fired if the premise is 

exactly the same as the antecedent of the rule, and the result is the rule’s actual 

consequent. However, in fuzzy logic, a rule is fired as long as there is a nonzero degree of 

similarity between the premise and the antecedent of the rule and similarly the output is a 

fuzzy set B* that is similar to B. The antecedent is first evaluated to obtain the firing 

strength, then the IF-THEN implication is executed to obtain the output fuzzy set 

membership function uB*(y)with minimum or production methods based on the 

antecedent firing strength. 

A linguistic variable x in its universe of discourse U is characterized T(x), which is 

the term set of x — that is, the set of names of linguistic values of x, with each  ��� being a 

fuzzy set with membership function ���  defined on U. For example, a linguistic variable 

“process speed” can assume linguistic values {slow, average, fast}. Slow, average, and 

fast are fuzzy sets.  
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 A fuzzy logic system is a nonlinear mapping of input crisp data vector to a scalar 

crisp output based on fuzzy sets and rules. The mapping process involves input/output 

fuzzy sets and membership functions, fuzzy logic operators, IF–THEN rules, aggregation 

of output sets, and defuzzification as shown in Figure 2-6. At first fuzzifier convert a crisp 

number to a fuzzy set. Then the inference engine maps the input fuzzy set to the output 

fuzzy set based on fuzzy rules. Output fuzzy sets of each rule are then aggregated and 

defuzzified to obtain a crisp number.   

Fuzzifier Inference Engine Defuzzifier

Fuzzy 

Rule

Base

Crisp Inputs Crisp outputs

 

Figure 2-6: A generic fuzzy logic system structure 
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3 EMBEDDED MULTI-OBJECTIVE MULTIPLE DESIGN SPACES EXPLORATION 

METHODOLOGY 

In this Chapter, we will be mainly focusing on the IMODE exploration 

methodology and common algorithm architectures, flow, and framework.  

3.1 Introduction 

 While IMODE and other soft-computing based DSE methodologies are following 

the top-down design flow, one of the major differences between the IMODE and other 

soft-computing based methodologies is that conventional soft-computing based 

methodologies address one design space exploration issue at a time, such as 

hardware/software partitioning, bus architecture, or floorplanning or layout. There is no 

or only partial methodology continuity existing among various design spaces in the top-

down design flow as shown in Figure 3-1.  

The degree of the methodology continuity can be defined and evaluated as: 

1. Consistent design solution representation across design spaces or supporting 

automatic translation of representations from one design space to another 

design space without losing design information. Information can only be 

accumulated or increased in the design solution representation along the 

design process. 

2. Information visibility to all design phases. Design information that becomes 

available at one design phase should be visible to all other design phases 
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automatically. 

3. Unified exploration methodology across all design phases. The ultimate goal 

of a design space exploration is to achieve an optimal design solution. A 

unified design space exploration methodology can help maintain the 

consistency of design solution representation, exploration results, level of 

information visibility. It is also a key factor to construct the inherent 

connections and interdependency among various design spaces.  

 

Figure 3-1: Isolated design space exploration methodologies 

As we are addressing multiple design spaces exploration in our IMODE 

methodology, we would like to differentiate “local” Pareto solutions vs. “global” Pareto 

solutions. 

Local Pareto:  The Pareto solution is not dominated by any other solutions in the 

current design space. However, it may not be a Pareto solution when combined with other 

design space characteristics. 
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Global Pareto: The Pareto solution is not dominated by any other solutions 

across all design spaces. 

For example, when implementing a bus architecture exploration, most of the 

methodologies assume the hardware/software partitioning has completed (that is the 

computation exploration is done and fixed). The impact of bus architecture exploration 

will not be feedbacked to the previous hardware/software partitioning phase, which could 

cause a miss of an “overall optimal design alternative” as the bus architectures have 

significant impact on the system performance.  A combination of a best solution from 

hardware/software partitioning and a best solution of bus architecture may not be a best 

overall solution. A solution which may be considered at an “optimal” solution at 

hardware/software partitioning phase may become a sub-optimal solution when 

combined with the impact of bus architecture. A number of independent sources have 

made forecasts that in deep submicron geometries 80% or more of the delay of critical 

paths will be directly linked to interconnect [63]. 

On the other hand, an “optimal” bus architecture solution may prove to be a sub-

optimal overall design solution when combined with a hardware/software partitioning 

solution and compared with other combined design solution. It is the same thing for 

physical designs, most of current physical design exploration assume the SoC 

architecture – computational and communicational architecture is decided and then 

explore the floorplanning and layout design space to try to find the best physical design 

solution that meet the PD constrains and design specification. However, an optimum SoC 

architecture may have negative impact on these PD design, and vice versa.  
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Figure 3-2: Bus architecture vs. Floorplanning 

Figure 3-2 shows an example of the interdependency between bus architecture 

and physical design – floorplanning. Here we present two bus architectures and 

associated floorplanning results. Figure 3-2 (a) presents a simple bus architecture where 

all cores are connected to a single shared bus and associated floorplanning with chip area 

equal to 133 units. Figure 3-2 (b) presents a bus architecture with two separate buses 

connected with a bridge. Core1 and core2 are connected to bus_1 and core3, core4, core5 

are connected to bus_2 in order to reduce bus congestion and latency. This two-bus 

architecture offers better system performance with less wire load and bus latency [64], 

but it ends up with a chip area which is 12 units larger than the single bus architecture. As 
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chip area is one of the main SoC design objectives, solution (b) is not necessarily better 

than (a). This example emphasizes again that in SoC designs, all design spaces have to be 

explored and evaluated for a design alternative before a design decision can be made.  

IP-core based SoC design processes have been flatten in recent years. Note, core, 

IP, and process element/engine (PE) are interchangeable terms in this dissertation.  The 

conventional sequential flow seems more and more unable to handle design complexity 

in modem SoC design. For example, physical design (PD) of a large SoC is a very 

challenging problem even with advanced design tools and usually takes long time to 

close. PD designers squeeze everywhere to try to fight for even 1mm Chip area 

reductions. A part of reason is that in conventional ASIC design methodologies, PD is 

taking place at a relative late design phase where the SoC architecture has already been 

decided and implemented in HDL so there is not much room for them to reduce chip area. 

Obviously, a larger chip area reduction could be achieved if PD could get involved in an 

earlier design phase, that is, the SoC architecture is also PD-oriented, just like most of 

designs are performance-oriented.  As SoC design processes are being flatten out, it 

becomes possible to consider all design objectives as early as system level. 

As demonstrated in the previous example, SoC design phases are no longer de-

coupled but inter-dependent in flatten SoC designs, so conventional isolated design space 

exploration methodologies can no longer meet the requirements of modern SoC designs. 

In summary, these design challenges call for an intelligent design space exploration and 

decision making methodology which can quickly explore vast design space, able to 
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handle flatten design flow, and make intelligent decision to select the “best” design 

solution based on design specifications. The system level design makes it possible to 

achieve the entire picture of a SoC design, which in turn makes it possible to apply 

intelligent systems to make a design decision. On the other hand, intelligent systems can 

help to overcome system level design shortcoming – system complexity, uncertainty, and 

inaccuracy. With aforementioned advantages and benefits in Chapter 2, we choose a 

Pareto multi-objective genetic algorithm and fuzzy logic system to implement an 

intelligent and automatic design exploration methodology – IMODE at the system level.  

In this Chapter, we will be focusing on the overall IMODE methodology which 

addresses the methodology continuity issues across various design spaces and its 

common algorithm functions, features, flow, and framework. The operators of the 

IMODE methodology that are specific to various design space exploration will be 

introduced in the Chapter 4. 

3.2 IMODE Design Spaces 

A SoC design process can be modeled as collections of multi-objective explorations 

each of which represents a subproblem of the overall system design. Sub-problems 

interact with each other in various ways adding to the complexity of the overall problem. 

It is desirable to decompose the overall SoC exploration problem into many multi-

objective problems that are easier to solve. The IMODE methodology decomposes the 

SoC design problem into three subproblems: computation architecture design, 

communication architecture design , and physical design  to follow the top-down 
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exploration flow shown as Figure 3-3(b) and maintains orthogonal between computation, 

communication, and implementation (physical design) as Figure 3-3(a).   

The IMODE methodology consists of three major design space exploration engines, 

including: Computation/Core Exploration Engine (CCE), Communication Architecture 

Exploration Engine (CAE), and Physical Design Exploration Engine (PDE). These three 

design space explorations are no longer separated, but cohesively working together to 

fully explore a design alternative in order to provide a more complete and more accurate 

picture of a design alternative than conventional separated design space exploration 

methodologies. Before we get to the details of the IMODE methodology, we would like 

to briefly introduce these three design spaces. 

 

Figure 3-3: IMODE top-down design phases 
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� Computation/Core  Exploration - CCE 

The main task of the Computation/Core exploration (CCE) is to explore all possible 

mappings between computational tasks and IP cores that can implement this task. Note, 

here we use a different term “Computation/Core Exploration” in stead of the 

conventional term “Hardware/Software Partitioning”. The key to the system level SoC 

design is that computation is orthogonal to communication and cores are the basic 

building blocks to the modern SoC design. Therefore, we think the term 

“computation/core exploration” can better represent the goal of this design phase, that is, 

to map a computation task to a core resource. With the unique feedback loop in IMODE 

methodology, CCE is not only the start point of all design space exploration, but is also 

the end point where most accurate design information are available before a CCE 

solution is compared against other CCE solutions. Many of CCE design objectives are 

equivalent to global design objectives, such as, cost, power consumption, execution time, 

and chip area. 

� Communication Architecture Exploration - CAE 

Bus-based communication architectures [65], [66], [67] remain a popular choice for 

handling on-chip communication in SoC designs today, because they are simple to design 

and take up very little area. A few years ago, the SoC communication architecture was 

quite straightforward, that is, there is a single high performance bus such as AHB to 

connect microprocessors, DMAs, on-chip memory, arbiters, and hardware accelerators 

and a slow peripheral bus that connects peripherals.  In many cases, this bus architecture 

can meet the communication throughput and system performance requirements.  In some 
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cases, more buses can be added to the communication architecture to reduce 

communication latency and congestions. However, this process is ad hoc and cannot keep 

up with the SoC architecture evolution. As more functions are integrated on SoCs, SoCs 

become more complex. Consequently, the data volume of inter-component 

communication have increased dramatically and so does the communication architecture 

complexity. The emergence of Network on Chip (NoC) [1] is a good example of how 

complicated on-chip communication architectures have become. Manual traversal of the 

vast communication design space, including bus topologies, arbitration policy, bus width, 

bus clock frequency, etc., to find a communication architecture that meets performance 

requirements becomes infeasible [36]. To counter the challenge of ever increasing on-

chip bandwidth requirements and a vast communication exploration space, early planning 

of the interconnect architecture at the system level must become an integral part of a SoC 

design process. Furthermore, an automated communication architecture exploration 

would bring in much needed quality and productivity improvement over the traditional ad 

hoc communication architecture design.  

There have been many researches on auto-generation of on-chip bus communication 

architecture. [36] focused on finding a feasible bus architecture that meets bus 

performance requirements and bus clock cycle timing violation constraint with 

consideration of floorplanning impact. Bus topology and parameters are explored in this 

research with simulated annealing method and performance was simulated with SystemC 

models. The goal was to only find a feasible solution not an optimal solution, so they did 

not have to explore the full bus design space. [68] explored various system components 
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assignments to pre-defined communication architecture to determine an optimal mapping 

between system components to communication architecture. The exploration was 

conducted with a manual ad hoc method and bus parameters and topologies were not 

explored. The performance was evaluated by dynamic simulations. [37] used a genetic 

algorithm to automate the generation of bus architecture parameters to meet performance 

requirements with pre-defined bus topologies. [69] searched the bus widths for point to 

point connections with consideration of wire length impact on data transfer time and 

power consumption and assumed that system functions to IP cores mapping and task 

scheduling have already completed. The search method was based on their custom greedy 

algorithm. 

CAE can automatically explore bus-based communication topology, bus 

parameters, and distribution of cores on various bus architectures based on design 

constrains. Furthermore, a design solution at this phase inherits all information obtained 

from previous CCE and receives feedback information from PDE exploration before it is 

compared with other CAE alternatives. 

� Physical Design Exploration – PDE 

With the coming of deep sub-micron era, wirelength, congestions, power 

dissipation are having more visible footprints on the success of the entire SoC more than 

ever. Furthermore, chip area alone is one of the major design objectives to decide the 

success of a SoC design.  On-chip physical interconnections will present a limiting factor 

for performance and, possibly, energy consumption [1]. In the IMODE methodology, the 
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physical design is an integral part of the overall design space exploration iteration for a 

single design alternative. In this stage, computation and communication portions of 

design are inherited with additional availability of new “global” design objective – such 

as chip area and new “local” design parameters which can contribute to already visible 

design objectives at earlier design phases, for example, wire length and associated wire 

delay can contribute to the bus data transfer time and  throughputs. 

There are some efforts that have been focusing on early system level physical 

design. [70] and [71] used floorplanners to generate an early core placement estimate. [69] 

also used a floorplanner to estimate wire length, which they used to calculate energy 

consumption in point to point networks. [16] invoked a floorplanner in their custom bus 

topology synthesis approach to obtain global wiring delays and ensure that real time 

deadlines were met. They used a custom construction method to form a physical design 

solution with consideration that cores with frequent communication should be placed in 

close distance. They did not explore other PD possibilities. [36] integrated a 

floorplanning engine in their bus architecture exploration for a different purpose, that is, 

to find a feasible combination of bus architecture and floorplanning without violating bus 

clock cycle constrain. 

The PDE in IMODE takes a CCE representation as input along with PDE 

constrains to automatically explore physical design space and evaluate PD-specific 

design objectives such as wirelength, chip area, etc. The result of PDE exploration is 

feedbacked to CCE for more accurate scheduling and power consumption calculation. 
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The PDE explores placement sequence of cores onto a constrained fixed outline packing 

bin to find feasible core placements solution and evaluate wirelength and chip area for 

each solution.  

3.3 SoC GA Representations 

As we are establishing a methodology which supports multiple design space 

explorations with a genetic algorithm, obviously, we need to have different problem 

representations for different design space explorations. In this session, we will be 

introducing SoC behavior and architecture representations and associated chromosome 

encoding schemes for the IMODE genetic algorithm. 

3.3.1 SoC Behavior and Architecture Representations 

The behavior description of a system is typically given in form of an acyclic directed 

task graph TG = {T, D} where the T is the set of nodes which stand for computational 

tasks (such as algorithms, procedures, processes, etc.) and D is the set of the edges which 

model data dependency among task nodes. Each task can only start to execute after all of 

its dependent tasks have finished. The task graph representation fits the requirements of 

Computation/Core Exploration (CCE) and it is therefore used by IMODE as an input to 

CCE.  

The structural specification is given in the form of an architecture graph AG = {P, C} 

where P is a set of processing engines (PEs) representing computational cores like 

microprocessors, DSPs, subsystems, and memories, where one or multiple tasks can be 
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executed and C is the set of edges in an AG, that are used to model communication links 

among cores. These communication links later can be synthesized into bus architecture. 

As the exploration process transitions from CCE to CAE, the task graph representation 

will be automatically mapped to an architecture graph representation, which is the 

mapping set M = {T � P, D�C}.  PDE shares the same CAE architecture graph with 

additional information, such as core width, height, aspect ratio, and placement 

coordinates and sequence. 

 

Figure 3-4: Task graph, architecture graph, and their mapping 
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Figure 3-4 illustrates the task graph, architecture graph, and their mapping. On the 

left, the task graph consists of 6 tasks and their data/control dependency represented by 

edges. The task set T = {T1, T2, T3, T4, T5, T6} and dependency set D = {D21, D32, D42, D54, 

D65}. The application starts with task_1; task_2 needs to wait until task_1 is completed; 

task_3 can not start until task_2 is completed; task_4 has dependency on both task_2 and 

task_3; task_5 has dependency on task_4; task_6 only starts when task_5 is completed.  

The architecture graph includes 4 PEs –P = {P1, P2, P3, P4}. These PEs are connected by 

on-chip communication architectures. Communication link set C = {C12, C23, C13, C14}.  

The mapping set M can be described as:  

M = {(��, ��) � P1,  T2 � P2, (T3, T4) � P3, T6 � P4, D21 � C12,  (D32, D42 )� C23, D43� 

C33, D54 � C13, D65 � C14},  

Where C33 means that two tasks will be executed on the same PE and we assume 

0 communication latency. 

3.3.2 Chromosome Encoding Schemes 

One of the key factors towards a successful genetic algorithm is to present the 

target problem with an efficient chromosome encoding scheme. In the SoC design 

context, a chromosome encoding scheme is a direct reflection of a SoC design alternative. 

Obviously at least two type of chromosome encoding schemes are needed for IMODE, 

one encodes task graph information (system behavior) – called behavior chromosome 

(BC) and another one encodes architecture graph information – called architecture 
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chromosome (AC). When transitioning from CCE to CAE, a behavior chromosome will 

need to be automatically mapped to an architecture chromosome – BC � AC.  CAE and 

PDE can share the same format of AC chromosomes. While binary encoding is the most 

popular encoding scheme used in genetic algorithms, it does not seem to keep up with 

IMODE requirements as it is very difficult to represent complex system behavior and 

architecture simply with 0s and 1s. Therefore, we defined two types of chromosomes for 

BCs and ACs respectively on the top of the list chromosome [72] and associated 

operators to better serve IMODE requirements. We use fixed length chromosomes for 

both BC and AC. The length of a BC is equal to the number of tasks defined in the task 

graph and the length of an AC is equal to the number of cores. 

Behavior and architecture chromosomes share a same base chromosome class, 

that is, all genes are maintained as linked list data structure. Gene data type differentiates 

a behavior and an architecture chromosome. Figure 3-5 shows the data structure – 

TASKNODE of a behavior gene. 

 

 

 
 

 

 

 

 

Figure 3-5: Behavior gene data type 

struct taskNodeStruct 
{ 
 unsigned int taskID;  
 unsigned int peID;  
 char inEdges[50];  
 char outEdges[50];  
 float priority; 
 float startTime;   
 float endTime;  
 bool scheduled;  
 int cntPE;  
 int * peList;   
}TASKNODE; 
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Figure 3-6 shows a behavior chromosome encoding example for the task graph in 

Figure 3-4. We use Figure 3-6 to explain the behavior chromosome encoding. 

• taskID: A unique integer to represent a task. 

• peID: The allocated PE ID to execute this task. A PE is identified by a unique 

integer. The peIDs for all tasks are initialized to the main microprocessor ID – 

0 for simplification, which means that all tasks can be implemented by 

software and run on the main microprocessor. peIDs are manipulated as a part 

of CCE evolution to explore various possible task/PE mappings.  

• inEdges: List of all taskIDs that this task has dependency on. If inEdges 

contains 0, this task is the first task. TaskNode1 has 0 in its inEdges, which 

means task1 is the first task to execute. TaskNode4 has {2, 3} in its inEdges, 

which means task4 can not start until task 2 and task 3 both are completed. 

• outEdges: List of all taskIDs which will take the output of this task as a 

dependency. If outEdges contains 0, this task is the last task. TaskNode6 has 0 

in its outEdges, which means it is the last task to execute. Task2 has {3, 4} in 

its outEdges, which means that task 3 and task 4 both are dependent on task2. 

• Priority: Priority to schedule. It is initialized to -1 and will be updated by 

scheduling algorithms. 

• startTime: Task start time. It is initialized to -1 and will be update by 

scheduling algorithms.  

• endTime: Task end time. It is initialized to -1 and will be updated by 

scheduling algorithms. 
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• Scheduled:  0 indicates that this task has not been scheduled and 1 means that 

it is scheduled. 

• cntPE: Total number of eligible PEs on which this task can be executed. This 

number varies for different tasks based available PE resources. For example, 

there are 3 PEs – PE0, PE5, and PE6 which can execute task 1.  

• peList: List of all peIDs that can execute this task. The peList will always 

contain 0 which represents the primary microprocessor. 

TaskNode1 TaskNode2 TaskNode3 TaskNode4 TaskNode5 TaskNode6

1

1

0

2

-1            

-1            

-1            

3          
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0      

2

2

1

3, 4

-1            

-1            
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0,3,7                   

0      

4

4
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5
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3          

0,3,9                   

0

5

5

4

6

-1            

-1           

-1           

3          

0,5,8                   

0

6

6

5

0

-1           

-1           

-1            

2                   

0, 4            

0      

taskID

peID

inEdges

outEdges

priority            

startTime            

endTime            

cntPE          

PEList          

Scheduled      

BC

 

Figure 3-6: A behavior chromosome encoding example 

Take TaskNode4 as an example, its taskID is 4 and PE assigned to implement this 

task is 4, its inEdges defines that its dependency is 2 and 3. Its output goes to task 5. Its 

startime, endtime, and priority are all -1, which means that this task has not been 

scheduled. The total number of PEs that can execute this task is 3 and they are PE0, PE3, 

and PE9. 

Figure 3-7 shows an architecture gene data type and an architecture chromosome 

encoding example.  
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Figure 3-7: Architecture gene data type 

• peID: A unique integer to present a PE. 

• busID: An integer to represent the ID of the bus that the PE is connected to. Each 

bus will have a unique ID. 

• busType: An integer to represent the type of the bus that the PE is connected to. 

For example, 0 – AHB and 1 – APB. 

• bus_width: The width of the bus interface. 

• bus_speed: The bus clock frequency. 

• xBL: Horizontal coordinate of the bottom left corner of the PE in floorplanning. It 

is initialized to 0. 

• yBL: Vertical coordinate of the bottom left corner of the PE in floorplanning. It is 

initialized to 0. 

• seq: the sequence number that the PE will be placed in a packing bin. It is 

initialized to 0. 

• cost:  The part cost of the PE. 

struct coreNodestruct 
{ 

  int peID; 
  int busID; 
  int busType; 
  int bus_width; 
  float bus_speed; 
  float xBL; 
  float yBL; 
  int seq; 
  float cost; 
  float CL; 

char taskList[30]; 
    } CORENODE; 
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• CL: The capacitive load of the PE which can be obtained with synthesis. 

• taskList: Tasks that are mapped to this PE. 

Figure 3-8 shows the mapping between a behavior chromosome and an architecture 

chromosome. The behavior chromosome with length of 6 is mapped to an architecture 

chromosome with length of 4. In particular, task 3 and task 4 are both mapped to PE3. 

PE0, PE2, PE3, and PE5 are all connected to an AHB bus with ID 0x1. PE4 is connected 

to an APB bus with ID 0x11. The IMODE methodology provides an automation 

transformation from a behavior chromosome to an architecture chromosome and vice 

versa. 
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Figure 3-8: Mapping between behavior and architecture chromosomes 

 

3.4 IMODE Algorithm Framework 

In this session we introduce the embedded multi-objective multiple design space 

genetic algorithm (IMODE GA) that is used in the IMODE methodology and some 

common features of this algorithm. Design space-specific features, such as chromosome 

initialization, genetic operators, and objective functions will be introduced in Chapter 4.   
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3.4.1 Basic Definitions 

Definition of Pareto-dominance 

A design space exploration problem can be formulated as a general multi-objective 

optimization problem:  

���/ max  
 !��� 
 "!����, !#���, … , !%���& 

    Subject to � 
 ���, �#, … , �'� ( ) 

                                                          
 � �,  #, … ,  %� ( * 

 Where X is the feasible set of design space decision vectors. The feasible set is 

decided by a number of constrains like maximum area, wirelength, power consumption, 

cost, etc.  Y is the set of objective vectors.  fi(x) is an objective function defined in the 

design space. 

The constrain vector C can be defined as C = (c1, c2, …, ck).  The satisfaction of 

constrains can be defined as:  C(x) = (c1(x), c2(x), … ck(x))  ≤ C. 

The Pareto set of solutions of a multi-objective optimization problem consists of all 

decision vectors which cannot be improved in any objective without degradation in other 

objectives – these vectors are known as Pareto-optimal. Mathematically, the concept of 

Pareto-optimality is as following: Assume, without loss of generality, a maximization 

problem and consider two decision vectors x1, x2 ∊ X.  

We say x1 dominates x2, written as x1 ≻ x2, iff 
- � ( �0, 1, … , ��: !�����  0  !���#� And 

1 2 ( �0, 1, … , ��: !3����  0  !3��#� 



60 
 

 
 

 That means, a superior solution is at least better in one objective while being at 

least the same in all other objectives.  A more rigorous definition of strict dominance 

requires x1 to be better in all objectives compared to x2:  !����� 4  !���#�, whereas the 

less strong definition of weak dominance only requires the condition: !����� 0  !���#�. 

We say x1 is indifferent to x2, iff  x1 ⊁ x2 and x2 ⊁ x1. 
Definition of Pareto-optimal solution 

A solution is called Pareto-optimal if it is not dominated by any other solution. Non-

dominated solutions form a Pareto-optimal set in which neither of the solutions is 

dominated by any other solution in the set.  

The Pareto set defines the trade-off surface of design objectives. That means, design 

solutions in the Pareto-optimal set cannot be ordered using Pareto dominance as they are 

indifferent.  

Target Chromosome vs. Seed Chromosome 

A target chromosome is a chromosome that comes from other design spaces. The 

current GA will take information from the target chromosome and perform a GA 

evolution to achieve more information for the target chromosome. For example, a CCE 

chromosome could be the target chromosome for CAE GA and a CAE chromosome 

could be a target chromosome for a PDE GA. 

A seed chromosome is a chromosome that GA uses to create an initial 

GAPopulation. A target chromosome is not necessary a seed chromosome. It will depend 
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on whether there is a chromosome translation required from one design space to another 

one. For example, in CAE, a target chromosome is a behavior chromosome from CCE 

and needs to be translated into an architecture chromosome which CAE can operate on. 

However, a target chromosome is a seed chromosome in PDE as CAE and PDE both 

share the same format of architecture chromosomes. 

3.4.2 IMODE Structure and Flow 

As described in section 3.1 and section 3.2, the overall SoC design can be 

decomposed into CCE, CAE, and PDE and modeled as a system of interacting multi-

objective optimization problems. Furthermore each design space exploration is a multi-

objective NP-hard problem. So the challenge is to design a methodology that can manage 

the decomposition and coordination of this multi-objective complex system. IMODE 

establishes a methodology that is able to model the complex SoC design process with the 

decomposed and interdependent subproblems to achieve a global optimal solution.  

Figure 3-9 shows the overall flow of the IMODE algorithm. IMODE methodology 

uses a Pareto multi-objective genetic algorithm as a heuristic method to explore NP-hard 

design space problems and a fuzzy decision maker to provide design decision. 



62 
 

 
 

 

Figure 3-9: IMODE structure and flow 

The basic Pareto genetic algorithm used in IMODE is inspired by the SPEA genetic 

algorithm [59]. There are two major reasons that we built our exploration algorithm based 

on the concept of this genetic algorithm: 

1) It stores the Pareto solution externally. The external Pareto solution set forms a 

trade-off surface of design objectives which the design space decision maker can 

take as a representation of the entire design space and make an informative design 

decision. 

2) It uses the concept of Pareto dominance to compare multiple design objectives 

and decide the fitness of individuals. This fitness assignment strategy supports 

unbiased search in the entire design space without pre-defining preferences 

among design objectives. Therefore, the resulting Pareto front is more 
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representative of the entire design space than biased searches. Note, individuals 

with bigger fitness have less probability to be select to reproduce in order to 

preserve population diversity. 

The concept of “embeddedness” has two-folder meaning in our IMODE methodology 

as shown in Figure 3-10: 

1) The transitions to next design space is embedded and triggered in a chromosome 

evaluation process in the current design space, that is, exploring next design space 

is a part of the current chromosome evaluation – does not wait until the 

exploration of current design space completes.  

2) In the genetic algorithm implementation itself, the GA evolution of the next 

design phase is embedded in the current GA evolution. Unlike using different 

GAs for different design space exploration problems, a same Pareto multi-

objective genetic algorithm is used to support various heterogeneous design space 

explorations.   

CCE

CAE

PDE

 

Figure 3-10: Embedded multiple design space exploration 
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As described in the previous section, the conventional DSE methodologies are 

lacking of methodology continuity. Design space explorations in various design phases 

are executed separately. The combined “local Pareto” design solutions from each design 

space may not be an overall global Pareto solution. In early system level SoC design, the 

overall goal is to find a global Pareto solution and so does the IMODE methodology. 

As shown in Figure 3-9 and Figure 3-10, CCE is the start point of the IMODE 

exploration as it explores the possible mappings from computation (system tasks or 

behavior) to PEs, which is to decide the computational architecture of a SoC. Each 

chromosome in CCE represents a computational architecture. At each time a CCE 

chromosome gets evaluated, it will be translated into a CAE chromosome which will in 

turn be used as a seed CAE chromosome to initialize a CAE population and subsequent 

CAE evolution will explore the communication architecture space based on this CAE 

population. Similarly, whenever a CAE chromosome gets evaluated, it will be used as a 

seed PDE chromosome to initialize a PDE population and subsequently a PDE evaluation 

will be executed to find a best PDE solution. When the PDE GA completes, a PDE Pareto 

set where all Pareto PDE chromosomes are stored will be created and the PDE fuzzy 

decision maker will rank and select a best PDE solution from this Pareto-front and feed it 

back to the target CAE chromosome. Similarly, when a CAE GA completes, a CAE 

Pareto set where all CAE Pareto chromosomes are stored will be created and the CAE 

fuzzy decision maker will rank and select a best CAE solution from this Pareto-front and 

feed it back to the target CCE chromosome. When the CCE GA completed, the CCE 

fuzzy decision maker will rank and select the best CCE solution from the CCE Pareto set, 
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which will be the overall SoC optimal solution.  In the following, we present some key 

features of the IMODE methodology. 

� IMODE methodology provides two-way links to connect neighboring design space 

explorations to establish design spaces’ interdependency.  

In IMODE, each design space is still explored by a Pareto multi-objective genetic 

algorithm. This Pareto multi-objective GA executes independently in its own workplace. 

However, with the nature of heuristics, the efficiency and quality of GA based design 

space exploration largely depends on the initial population along with genetic operators, 

fitness assignment and selection schemes. In IMODE methodology, the seed chromosome 

of each design space exploration is directly related to the target chromosome which is the 

chromosome under evaluation in the previous design space to decide the initial 

population and exploration start points. This forms the forward link highlighted in black 

arrows in Figure 3-9.  

IMODE genetic algorithm also supports feedback links among these design 

phases which is shown in red arrows in Figure 3-9.  These feedback links connect various 

design space together and therefore equip the IMODE to provide system-level design 

solutions across multiple design spaces. A feedback link is implemented by a design 

space specific fuzzy decision maker which ranks solutions in the current Pareto set and 

returns the best one to the target chromosome of the previous design phase.  
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Figure 3-11: One-to-many ParetoPopulation mapping across design spaces 

Figure 3-11 shows the “one-to-many” ParetoPopulation mapping across CCE, 

CAE, and PDE. For each and every CAE individual, PDE will create a PDE 

ParetoPopulation which represents the possible PDE Pareto front. Similarly, for each and 

every CCE individual, CAE will create a CAE ParetoPopulation. As the CCE is the 

highest level of exploration, there will be only one CCE ParetoPopulation where all CCE 

Pareto solution will be stored. Note, a CCE chromosome represents an overall SoC 

design alternative. 

� IMODE provides one fuzzy decision maker for each design space to support 

intelligent multi-criteria decision making.  

Although we use the concept of Pareto dominance to compare design alternatives 

in the GA search process, we cannot tell whether a Pareto solution is better than another 

Pareto solution in regarding to design objectives as they are indifferent. Therefore, we 

need a decision maker to rank Pareto design alternatives.  Ideally, we would like to 

exhaustively explore each and every chromosome in all its subsequent design spaces. But 
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doing that will cause the exploration space to increase exponentially. So the decision 

maker adds another level of computation intelligence to reduce the exploration space. The 

fuzzy decision maker functions as two roles, one is to support the design space feedback 

loop and another one to provide fuzzy logic based multi-criteria decision making to select 

a “best” design solution. The multi-criteria design decision portion of this fuzzy decision 

maker will be introduced in Chapter 5. 

Figure 3-12: Transition from GA exploration to fuzzy decision maker 

As shown in Figure 3-12, at each design phase, the fuzzy decision maker works 

on the resulting Pareto set which represents the trade-off surface for design objectives of 

the current design space and select a “best” solution based on pre-defined global rule set 

and return this “best” solution with new available design parameters to the target 

chromosome of the previous design space.   

The advantage of using the combination of a Pareto GA and a fuzzy decision 

maker is that we are able to maintain the orthogonal between search process and decision 

making process. It enables a GA to explore as much random space as much and therefore 

form a Pareto front as realistic as possible, and also preserve population diversity to avoid 



68 
 

 
 

the GA trapped in a local optimum and terminated too early. The reasoning behind this is 

that when a GA has a biased selection scheme toward one of the design objectives, the 

genetic algorithm will intentionally reduce the opportunity of “bad” solutions to get 

selected for crossover and mutation. However, in many case, the difference between a 

good and bad solutions is trivial. If these “bad” solutions get eliminated during the 

selection process, the population diversity will be lost and therefore it will become very 

difficult to form a Pareto front which can represent the real Pareto region. With the 

decision making out of the search process, the genetic algorithm can explore the design 

space without any biases, therefore the Pareto front is more representative of the real 

Pareto region. 

� IMODE supports both global objectives and local objectives.  

Each design space has their own design objectives, for example, chip area, 

wirelength are two important design objectives at physical design phase. However, for an 

early system level design, system architects care more about the overall SoC design 

objectives, such as computing time, power consumption, chip area, etc. Not only are there 

no conflicts between global objectives and local objective, but also inherent correlations 

between local design objectives and global design objectives. For example, wirelength 

directly contributes to the overall application run-time and power consumption. Therefore, 

we say that local objectives are existing in another formal of global objectives and can be 

translated to the global objectives. Furthermore, local objectives are needed to help 

design space exploration for a particular design problem where global objectives would 
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not be much help. The same reasoning also applies to local constrains and global 

constrains. As shown in Figure 3-13, the impact of each design space exploration will be 

reflected by translating local objectives to global objectives values. 

 

Figure 3-13: Translation of local objectives to global objectives 

� IMODE use a same Pareto multi-objective genetic algorithm to support 

heterogeneous design space explorations. 

IMODE methodology uses a same Pareto multi-objective genetic algorithm to cover 

all design space explorations.  A variable – GA_TYPE is used to differentiate and guide 

different GA behavior for different design spaces. The benefits of this algorithm 

implement are: 

1) Each design space exploration can still execute its own methods and functions, 

such as initialization method, genetic operators, and objective functions.  

2) Design space explorations also can share common GA functionalities and 

facilities, such as, GA population management, Pareto set creation and update, 



70 
 

 
 

and GA evolution method, etc.  

This makes the IMODE algorithm scalable in case more design spaces are needed to 

be integrated into the IMODE methodology. 

3.5 Common IMODE Genetic Algorithm Features  

In this section, we introduce features and functions of the IMODE genetic 

algorithm that are common to CCE, CAE, and PDE.  These three exploration engines 

mainly differ in genetic operators, chromosome representation, and objective functions. 

The IMODE algorithm first reads in GA parameters for CCE, CAE, and PDE, 

such as GA population sizes, Pareto set sizes, constrains, crossover probability, mutation 

probability, and task graph information, core information table, pre-characterized 

task/core computing time and power consumptions tables, task to task data transfer 

volume sparse matrix, etc. As task/core characterization is another topic which is not our 

focus here, we assume these data are available.  

3.5.1 GA Population Operations 

As shown in Figure 3-14, each GA in IMODE consists of three populations: 

GAPopulation, ParetoPopulation, and UnionPopulation. 

• GAPopulation on which the GA operates. Each individual in the GAPopulation 

represents a design alternative of its design space. GAPopulation will be updated 

at each generation. The GA population size N is pre-defined and static during the 
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evolution process. 

• ParetoPopulation where all non-dominated design alternatives are stored. It is an 

external population to store all Pareto solutions and will not be evolved by genetic 

operators. It will be updated when new Pareto solutions become available. 

Different from GAPopulation, the size of ParetoPopulation M is dynamic and 

subject to change during the evolution process. However, a maximum size can be 

defined in case the size of ParetoPopulation reaches a very large number which 

could deteriorate the GA performance. 

• UnionPopulation which stores individuals randomly selected from both 

GAPopulation and ParetoPopulation to involve individuals from both population 

for crossover and mutation. We define the size of UnionPopulation the same as 

the size of GAPopulation. It is created at each generation by the selection scheme 

and will be destroyed after all its individuals are copied to GAPopulation. It will 

not be evolved by GA operators.  

 

Figure 3-14: IMODE GA populations 
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In the GA evolution process, first the GA initialize() function is called to initialize 

GAPopulation where the initialization method of each chromosome is called to initialize 

a chromosome. And then the chromosome is evaluated for all its objective functions and 

the results are stored in its performance/cost properties. When all population individuals 

are initialized and evaluated, the updateParetoPop() is called to generate the initial 

ParetoPopulation. In the following evolution process, only newly generated 

chromosomes will be evaluated and added to the ParetoPopulation if it is non-dominated 

by other chromosomes, including the ones in both GAPopulation and ParetoPopulation. 

The highlighted blocks in Figure 3-15 show the IMODE initialization process which is 

common to all three design space exploration except the way that a chromosome is 

initialized and evaluated are design space specific which will be introduced in Chapter 4.  
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i >pop.size()

Y

ga->Step()

N

ga->Initialize()

GAPop->initialize()

individual(i)->initialize()

individual(i)->evaluate()

UpdateParetoPop(GAPop)

 

Figure 3-15: GAPopulation initialization process 

3.5.2 Selection and Replacement Scheme 

Selection schemes are used to select chromosomes for crossover or mutation and a 

good selection scheme should guide the search on promising regions in the search space.  

The IMODE selection scheme relies on the fitness score of each chromosome: The better 

the fitness score is, the better opportunity a chromosome will be selected. In the case of 

multiple objectives optimization, the selection scheme should steer the search in direction 
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of the Pareto front. The individual’s fitness score reflects its utility with respect to Pareto 

optimality.  Fitness assignment strategy can be defined as [59]:  

The fitness f(i)p of each Pareto individual is calculated as the number of 

GAPopulation individuals that are dominated by it divided by the size of GAPopulation 

plus 1. 

!���8 
 9:�9;< ��, i = 0, 1… M. 

Where, Nc is the number of GAPopulation individuals that are dominated by this Pareto 

individual.  Np is the GAPopulation size and M is the size of the ParetoPopulation. 

 The fitness !���= of each individual in GAPopulation can be calculated as sum of 

covering Pareto individual’s fitness +1. 

!���= 
 �> !�2�8 ? 1 �@
3

 

Binary selection is used to select chromosomes from both of them to create the 

UnionPopulation. Two individuals are randomly selected from the GAPopulation and 

ParetoPopulation respectively and the one with better fitness will be added to 

UnionPopulation until it is full. Roulette Wheel selection scheme is then used to select 

two UnionPopulation individuals for crossover, or a variable number of individuals to 

perform mutation. IMODE GA deploys a replacement strategy where entire 



75 
 

 
 

GAPopulation will be replaced by the UnionPopulation at each iteration. This selection 

and replacement scheme are common to all three design space exploration engines. 

3.5.3 GA Evolution Process 

The main loop of the IMODE GA is outlined in the highlighted box in Figure 3-

16. Each loop iteration includes four major steps: ParetoPopulation update, fitness 

assignment, selection, and crossover /mutation.  

1) ParetoPopulation Update 

Each individual in the GAPopulation is compared with others to decide if it is not 

dominated by any other GAPopulation individuals. If not, it will be a candidate to the 

ParetoPopulation. Then it will be compared with individuals in the ParetoPopulation. If it 

is dominated by any existing individuals in the ParetoPopulation, it will be returned to the 

GAPopulation. Otherwise, this new non-dominated individual becomes a new Pareto 

individual and will be moved from GAPopulation to ParetoPopulation. At the same time, 

any existing Pareto individuals which are dominated by this new individual become 

dominated individuals and are removed from the ParetoPopulation. Next the 

ParetoPopulation will be subject to clustering [59] if its size is larger than the pre-defined 

maximum ParetoPopulation size.  
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Figure 3-16: IMODE GA evolution process 
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2) Fitness Assignment  

Individuals in GAPopulation and ParetoPopulation are evaluated independently from 

each other and assigned fitness values according to the fitness assignment strategy.  

3) Selection 

Individuals from GAPopulation and ParetoPopulation are selected by the binary 

tournament scheme to form the UnionPopulation.  After the UnionPopulation is created, 

GAPopulation first will be emptied and all individuals of the UnionPopulation will be 

copied to the GAPopulation. And then UnionPopulation will be destroyed.  

4) Crossover /Mutation 

The Roulette Wheel selection is used to select chromosomes from the GAPopulation 

to perform crossover or mutation depending on the pre-defined crossover and mutation 

probabilities. These new individuals will be evaluated and its performance/cost properties 

will be updated.  Finally, newly generated children will replace their parents in the 

GAPopulation.  

3.5.4 Objective Function Evaluation 

For a single objective optimization, usually the objective function could be 

directly translated to the fitness function. However, in Pareto multi-objective 

optimization the fitness function is calculated based on Pareto dominance, so there is no 

direct translation between objective functions and fitness functions.  
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The purpose of the evaluate() function is to get the values of all design objectives 

for a chromosome and store them in the chromosome object’s property. At first, evaluate() 

of the GA is called, which will then call the evaluate() function of the GA population. 

Then evaluate() function of each population individual (chromosome) will be called. If 

the individual has already been evaluated, then skip the individual evaluation. Otherwise, 

each and every objective function will be called and objective values will be updated. 

Objective functions are design space-specific and will be introduced in the Chapter 4. 

Figure 3-17 shows the evaluation process. 
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Figure 3-17: Chromosome evaluation process 
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4 IMODE DESIGN SPACE EXPLORATION OPERATORS 

We have introduced the IMODE methodology and the common algorithmic 

features, functions, and flow in Chapter 3. In this Chapter, we will be introducing design 

space-specific exploration operators.  

4.1 Computation/Core Exploration 

After the design specification is decided, the computation/core exploration (CCE) 

is the first step towards to a system level SoC architecture design in IMODE design 

methodology. In CCE, PEs are allocated and assigned to execute system functions, which 

are represented by behavior chromosomes as described in Chapter 3.  In our CCE, we 

don’t explore and optimize the task graph itself and assume the task graph is fixed. The 

main task in this design phase is to allocate and map PEs to tasks, that is, to decide the 

computation portion of the architecture design. The allocation, assignment, and binding 

of PEs to tasks are implemented in the form of peID manipulations for tasks. 

4.1.1 CCE Operators 

Different from the traditional binary string representation, each gene of the CCE 

chromosome represents a TASKNODE data structure shown in Figure 3-6, so the 

traditional binary genetic operators shown in Figure 2-2 and Figure 2-3 won’t work for 

the task graph chromosome representation. We designed CCE operators including 

initializer, mutator, and crossover to facilitate CCE evolution. 
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� CCE Initializer 

The CCE initializer initializes each and every CCE GAPopulation individual by 

randomly selecting a PE on which the task can be executed. The constrain is the PE 

eligibility for a particular task, which is defined by a PE/Task table. 

� CCE Mutator 

We designed a PE Mutator – peMutator which only operates on the peID part of 

each chromosome gene to introduce new computation/core mapping and allocation.  As 

shown in the Figure 4-1, the CCE mutation changes the highlighted peIDs and leave 

other gene properties unchanged. The peMutator will be executed based on the mutation 

probability - Pm. The peMutator can change peID for one or many genes per each 

execution randomly. In Figure 4-1, all peIDs are updated from {0, 0, 0, 0, 0, 0} to    {1, 2, 

3, 4, 5, 6}. 
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Figure 4-1: An example of CCE mutation operation 

� CCE crossover 

We use the concept of classical one pointer crossover to generate two child 

individuals from the two parent individuals to exchange and combine their PE/task 

mappings. The crossover is executed based on the crossover probability – Pc. Similarly 

as the CCE mutation, we design a CCE crossover operator which only manipulates the 

peID properties of involved individuals and actually performs the crossover on this 

property and leave other properties unchanged as shown in Figure 4-2. This is needed in 

order to preserve the data dependency among tasks.  
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The two parent individuals for crossover 

P1: {0, 0, 0, 0, 0, 0} 

P2: {0, 2, 3, 3, 0, 4} 

In the P1, all tasks are mapped and executed on the main microprocessor with 

peID 0; In the P2, task 0 and task 5 are mapped to the main microprocessor with ID 0, 

task 2 is mapped to PE2, task 3 and task 4 are mapped to the same PE 3, and task 6 is 

mapped to PE 4.  

The resulting two child individuals:  

C1: {0, 0, 0, 3, 0, 4} 

C2: {0, 2, 3, 0, 0, 0}  

In C1, task 1, task 2, task 3, and task 5 are mapped to the microprocessor with ID 

0, task 4 is mapped to PE3, and task 6 is mapped to PE4. In C2, task 1, task 4, task 5, and 

task 6 are mapped to the microprocessor with ID 0, task 2 is mapped to PE2, and task 3 is 

mapped to PE3. 
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Figure 4-2: An example of a CCE crossover 

4.1.2 CCE Design Objectives 

At CCE level, the design objectives could be application execution time, power 

consumption, cost, chip area, PE utilization, and cache hits and misses, etc. Here, we 

define four objectives for simplification, which are execution time, power consumption, 
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cost, and area. 

• Cost is the total part prices of all PEs used in this design. 

• Execution time is the total execution time of the target application from beginning 

to end. 

• Power consumption is the total power consumption to execute the target 

application. 

• Area is the total chip area with width and height defined. 

As described in Chapter 3, each CCE chromosome will be evaluated based on these 4 

objectives to decide if it is dominated by other CCE solutions or not.  

� Cost Objective 

At this level, we can directly obtain the cost objective without any further exploration, 

which is the sum of all PEs prices. 

ABCD 
  ∑ A�, where Ci is the part cost of Corei 

� Execution Time Objective 

The application execution time is directly related to computation/core mapping, 

bus architecture, and scheduling algorithm. There are two types of resources – 

computation resources (PEs) and communication resources (buses) to execute system 

tasks and transfer data among tasks. As we demonstrated in previous examples, there are 
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situations where computation and communication resources are shared by multiple tasks, 

therefore we need to resolve resource contention problems for both computation and 

communication resources when scheduling tasks.  

For simplification, the CCE communication architecture is assumed to be a 

typical AMBA bus architecture with one AHB bus to connect all high performance PEs – 

CPU, DMA, RAM, and hardware accelerators, and one APB to connect all peripherals as 

show in Figure 4-3 [65]. AHB and APB are connected by an AHB2APB bridge. PEs 

communicate with each other with shared memory. The bus architecture will be explored 

further by CAE, which will be introduced in the following section. 

 

Figure 4-3: A typical AHB system 

The scheduling is performed by a conventional resource constrained list 

scheduling algorithm during each execution time objective valuation to generate static PE 

and bus schedules. The term list scheduling denotes a large class of scheduling algorithm. 

Here we describe a scheme which most of such algorithm comply with. Figure 4-4 shows 

the static scheduling process.   



87 
 

 
 

 

Figure 4-4: List Scheduling 

List scheduling 

Starting from task 0 which has no incoming edges, the list scheduling will first 

find and move all ready tasks from the unscheduled task list to the ready task list. Note, 

we say a task is “ready” when all its dependent tasks are completed, computation and 

communication resources are available. Then the ready task list will be sorted by task 
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priorities. The task with highest priority will be scheduled and move from the ready task 

list to the scheduled task list. The list scheduling will continue until all tasks have been 

scheduled. 

Task Priority 

A task priority is decided by the difference in the task start time between ASAP 

and ALAP. The smaller the task priority is, the higher the task priority is. Task priorities 

are static, that is, they are calculated after ASAP and ALAP scheduling are done and prior 

to actual list scheduling. Task priorities come to play when multiple tasks are ready to 

schedule at the same time. Here, we assume that a task execution will not be interrupted 

by other tasks with higher priority.   

task_priority(i) =  tasap_start_time(i) - talap_start_time(i) 

ASAP and ALAP Scheduling  

ASAP – as soon as possible, determines the earliest possible start time for tasks. 

An ASAP scheduling starts from the first task node which has no incoming edges and 

searches the task graph. In ASAP, tend_time(i) = tstart_time(i) + texec_time(i, l), where texec_time(i, l) 

is the execution time of task i running on PE l. 

ALAP – as late as possible, determines the latest finish time for tasks under a 

given latency bound. ALAP conducts a backward topological search of the task graph, 

starting from the last node which does not have outgoing edges and whose latest finish 



89 
 

 
 

time is the overall application deadline. Here, tstart_time(i) = tend_time(i) - texec_time(i, l), where 

texec_time(i, l) is the execution time of task i running on PE l. 

Calculate start_time of a task i  

DF��� 
  max GGmax3(H DI�2�J, DK���J ?  DL��� 

Where  

ts(i) is the start time of task i  

te(j)is the end time of task j. 

tr(i) is the ready time of task i.  

tc(i) is the communication time of take i.  

V is the set of tasks which task i has dependency on. 

The communication time tc(i) can be calculated by the data volume and transfer 

speed.  

DL��� 
  > DL�2, �� ?  BMNOPNQR
3(H

 

DL�2, �� 
  R�2, ��C�2, ��  
Where d(j,i) is the data volume from task j to task i and s(j,i) is the transfer speed 

– bandwidth. For data transfer on the same bus, the transfer speed = bus_width × bus 

clock. If data transfer involves more than one buses, the transfer speed is the lowest 
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transfer speed among all involved buses. When task i and task j are be assigned to a same 

PE, tc(j, i) is assume to 0, that is, there is no communication delay between j and i.  

Calculate End_time of a task i: 

 tend_time(i) = tstart_time(i) + texec_time(i, l) 

where texec_time(i, l) is the execution time of task i running on PE l 

Calculate total application execution time ttotal: 

The total execution time is equal to the end time of last task 

  ttotal =  tend_time(N), where N is the last task.  

� Power Consumption Objective 

In power consumption estimation, we mainly consider dynamic power consumption 

and ignore the static power consumption for simplification.  

S 
  TAUVWW#!X 

Where α is the switching probability, here we assume α is 0.5 as a common 

practice. AU is the load capacitance which is the sum of wire load capacitance and input 

capacitance. f is the bus clock frequency, w is the width of the bus, and Vdd is the supply 

voltage. Then the energy consumption for a data transfer can be calculated as: 

E = p×tcomm 
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Total energy consumption for an application will be: 

Y 
  > Y� ?  Y�Z	 ?  Y�[	 

Where Ei is the core energy consumption to execute task i. EAHB is the energy 

consumption for the AHB bus and EAPB is the energy consumption for the APB bus. 

� Area Objective 

At CCE level, placement and routing have not been implemented. So the chip area 

can only be very roughly estimated as the sum of all PE areas. 

  \ONQ 
  ∑ \�, where Ai is the area of Corei 

As we can see, the accurate estimation of execution time, power consumption, and 

area will not be available until CAE and PDE are explored for a CCE chromosome.  

4.2 Communication Architecture Exploration 

Bus based communication architectures design include bus communication 

topology, bus parameter configurations, and bus performance evaluation. CAE provides 

exploration operators to support bus based communication architecture exploration. Here, 

we illustrate the communication architecture exploration for on-chip AMBA bus 

architectures. This method can also be extended to other bus based communication 

architectures.  
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4.2.1 CAE Operators 

� CAE Initializer 

Starting from CAE, architecture chromosomes are used to explore design spaces, 

so a task graph representation – a behavior chromosome needs to be mapped to 

architecture chromosome representation as shown in Figure 3-8. 

Initially, a CCE behavior chromosome – a target chromosome,  is mapped to an 

architecture chromosome – seed chromosome with a simple bus architecture – as shown 

in Figure 4-5,  where there are a single AHB bus with bustID 0x01 to which all AHB 

masters and slaves are connected and single APB bus with busID 0x11 to which all 

peripherals are connected. The AHB bus and APB buses are connected through an 

AHB2APB bridge. The GAPopulation initializer then copies the seed CAE chromosome 

N number of times. N is the size of CAE GAPopulation. All GAPopulation individuals 

will then be updated by CAE mutation operators to differentiate it from the seed 

chromosome. 
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Figure 4-5: Initial simple bus architecture for a CAE chromosome 

� CAE Topology Manipulation 

Researches have shown bus topology and PEs’ distribution on buses have significant 

impacts on bus performance and power consumption [33, 64, 68, 73, 74] and also on 

memory location and floorplanning [44]. Bus performance can be improved by 

redistributing PEs from a heavily loaded bus to different buses to reduce conflicts, which 

also implies the redistribution of communication traffic among buses. In our CAE 

topology manipulation, we define operators to explore hierarchical bus architectures 

based on the simple bus architecture and redistribute cores on buses to explore the impact 

of various communication topologies. The communication architecture solution could 

consist of multiple buses connected by bridges for inter-bus communications. 
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The topology manipulation is realized by manipulating busIDs property of a CAE 

architecture chromosome, each of which uniquely identifies a shared bus. For example, 

the simple bus architecture shown in Figure 4-5 is changed to a new hierarchical bus 

architecture where the single AHB bus is split into two AHB buses – core 1 and core 3 

are distributed on AHB bus (0x1) and core2 and core4 are distributed on the AHB bus 

(0x2). 

 

Figure 4-6: An example of topology exploration 

We have defined the following topology manipulation operators:  

• newBus – Create a new bus and move a random number of PEs from existing 

buses of the same type to the new bus.  
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• splitBus – split a bus into two buses and redistribute PEs among these two 

new buses. 

• migrateBus – move a specified number of PEs from one bus to another bus of 

same type. 

• mergeBus – merge two buses of same type and with same bus parameter 

configuration. 

� Bus Parameter Mutation 

This operator changes bus parameter configurations of an existing bus 

architecture. It only operates on pre-defined bus configuration parameters which are 

represented as a table of bus parameters, such as width and clock frequency. Figure 4-7 

illustrates the bus parameter configurations manipulation – randomly pick up a bus by its 

busID and updates its configuration parameters, such as bus width or bus speed. The 

figure 4-7 shows that the bus clock frequency of AHB bus 0x1 is increased from 133 

MHZ bits to 256 MHZ. AHB bus (0x2) maintains the same clock frequency as 133 MHz, 

but its width has increased from 32 bits to 64 bits. The APB bus (0x11) also maintains its 

clock frequency as 20 MHz, but its width is changed from 8 bits to 16 bits. 
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Figure 4-7: An example of bus parameter mutation 

� Bus Cluster Crossover 

Crossover is a quick way to combine both topology and parameter configuration 

changes in order to evaluate their mutual impacts. However, the conventional one point 

crossover is not feasible to implement the CAE crossover. With the manipulation of 

topology operators, the PE distribution on buses could be random, so it becomes difficult 

to find a cutoff point to implement crossover among two CAE chromosomes to quickly 

assemble two new CAE chromosomes with feasible communication architectures.  We 

designed a new CAE crossover which can perform on bus clusters to exchange the 

topology and parameters of two selected CAE chromosomes.  
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Here, we define a key assumption that PEs distributions among different bus 

types are relatively stable, that is, a PE will only support one type of bus interface with 

variable parameter configurations based on the following observations:  

1) A peripheral device should not be directly connected to an AHB bus, on the 

other hand, it does not make sense to connect a ARM processor to a APB bus.  

2) Usually, a core will only support one type of bus interface with different 

parameter configurations.  For example, a core with AHB bus interface, will 

not be connected to an AXI bus. However, the bus interface width and clock 

frequency could be configurable. 

With these observations and assumptions, the crossover cutoff point could be 

selected by bus clusters where buses of a same type are grouped together. As illustrated 

in Figure 4-8, an AHB bus cluster = {AHB Bus1, AHB Bus 2, …, AHB Bus n}. Buses in a 

same cluster could have different parameter configuration, such as width, clock 

frequency, or arbitration policies, etc. As shown in Figure 4-8, the AHB bus cluster of p1 

is exchanged with AHB bus cluster of p2. In this way, the crossover can generate new 

bus architectures with different combinations of topologies and parameters. 



98 
 

 
 

 

Figure 4-8: Bus cluster crossover 

Figure 4-9 illustrates a bus cluster crossover example. P1 and P2 both have two 

bus clusters defined: one AHB bus cluster and one APB bus cluster.  

In P1, the AHB bus cluster has one single AHB bus with 32bits width and 256 

MHz clock; the APB bus cluster has one APB bus with 8bits width and 20 MHz clock.  

In P2, the AHB bus cluster consists of two AHB bus: One with core1 and core2 

and 32bits width and 256 MHz clock; another with core3 and core4 and 64bits width and 

133 MHz clock. And the APB bus cluster also has one APB bus with 16 bits width and 

10 MHZ clock. 
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By setting crossover cutoff point at AHB and APB bus clusters, the CAE bus 

cluster crossover is able to generate two new CAE chromosomes: C1 and C2. C1 is the 

combination of P2 AHB bus cluster and P1 APB bus cluster and C2 is the combination of 

P1 AHB bus cluster and P2 APB bus cluster.  

 
 

Figure 4-9: An example of bus cluster crossover 
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4.2.2 CAE Design Objectives 

� Execution Time Objective – Scheduling 

In CAE phase, with the availability of bus architecture and parameters, and buses’ 

wirelengths which are returned by PDE exploration, we are able to further refine the task 

and bus scheduling. Bus transactions can be divided as read and write transactions and 

PEs communicates through shared memory. Similarly, the scheduling is performed by a 

conventional resource constrained list scheduling algorithm described in the previous 

section. As we are dealing with multiple buses here, each bus will be scheduled with the 

same static List scheduling algorithm. With the availability of buses’ wirelengths from 

PDE, the bus wire delays are added to the communication time tc(j,i).  

DL��� 
  > DL�2, �� ?  BMNOPNQR
3(H

 

DL�2, �� 
  R�2, ��C�2, ��  ?  D]�2, �� 

D]�2, �� is the wire delay associated with buses that are needed to transfer data 

from task j to task i. The wire delay can be calculated by wirelengths of involved buses. If 

the cores that execute task i and task j are residing on the same bus l, then tw(j,i)= d l is the 

wire delay of this bus. If multiple buses involved, then D]�2, �� 
  ∑ R^^(_   is the sum of 

wire delays from all involved buses. The wirelength is a parameter from PDE exploration, 

which will be introduced in the following session. 
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� Bus Power Consumption Objective 

The total energy consumption also needs to consider impact of multi-buses as well 

and the energy equation can be updated as: 

Y 
  > Y� ?  > Y3 

Where Ei is the core energy consumption to execute task i. Ej is the energy 

consumption for each communication link defined in the task graph. 

4.3 Physical Design Exploration 

Our Physical Design Exploration – PDE is based on a fixed-outline sequence core 

placement algorithm. The fixed outline means width and height of the packing area is 

constrained. The PDE algorithm tries to find a sequence of core placement that will meet 

the PD design constrains. In PDE, we use the same Pareto multi-objective GA as CCE 

and CAE to explore possible placements of all cores. The core placement exploration is 

implemented by manipulating the sequence order of core placements. A core placement 

alternative can provide estimations of chip area, wirelength per bus, and overall 

wirelength.  

4.3.1 PDE Initialization 

PDE takes a CAE chromosome as a target chromosome. As PDE and CAE shares the 

same format of architecture chromosome, there is no need to translate the target 
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chromosome to a CAE seed chromosome. A CAE target chromosome is a PDE seed 

chromosome. In order to create a PDE initial population, first, the PDE seed chromosome 

is copied to a new PDE chromosome and then a swap operation will be performed on the 

new PDE chromosome to swap the value of the seq (sequence number) property of 

involved two PDE genes to generate a new placement sequence. This new chromosome 

creation process will repeat until the GAPopulation is full. 

4.3.2 Feasibility Constrains 

There are a couple of basic PD constrains that will need to be met in order to qualify a 

placement result to be a feasible solution. These constrains are related to the coordinates 

of a core. Here, we define the coordinates of bottom left corner of the packing are (0, 0) 

and  

xi – x coordinate of bottom left corner of the Core Ci 

yi – y coordinate of bottom left corner of the Core Ci 

wi – the width of the Core Ci 

hi –  the height of the Core Ci 

� Boundary constrain 

In order to make sure a given core Ci will be placed inside the packing area, the 

following boundary constrains should satisfied:  
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xi>0 

yi>0 

xi + wi  ≤ CHIP_WIDTH 

yi+hi ≤  CHIP_HEIGHT 

� Non-overlapping constrain 

The new core to place must not overlap the in-place cores which have already been 

placed in the packing area. In order to ensure that a core Ci does not overlap with a core 

Cj, satisfying any one of the following four conditions would suffice for all i, j =1,2, … n 

and i ≠j [75] . 

1. The core Ci is completely on the left of the core Cj: �3 � ��  0 X� 
2.   The core Ci is completely on the right of the core Cj: �� � �3  0 X3 

3. The core Ci is completely below the core Cj:  3 �  �  0 P� 
4.   The core Ci is completely above the core Cj:  � �  3  0 P3 

� Concurrent Placement constrain 

The placement algorithm that we are using in PDE is a sequence based placement 

algorithm. Each component is placed according to its sequence number property – seq. A 

component with sequence property equal to 0, will be placed at the most left bottom 

corner of the packing bin – (0, 0). Then the next component with sequence equal to 1 will 

be placed to the possible most bottom-left location without violating previous two 

constrains. Initially all components will have their coordinates (x, y) initialized to (0, 0), 
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that is all components are overlapping at the beginning. The placement algorithm will 

move them one by one with the boundary and non-overlapping constraints are met. In 

order to do that, we defined a concurrent placement constrain for sequence properties of 

genes (cores) of a PDE chromosome,  that is, no two sequence properties in a PDE 

chromosome can be the same.  

Concurrency Constrain: 

Let Si be the sequence number of a Core Ci and Sj be the sequence number of a 

Core Cj:   

Si ≠ Sj, given i ≠ j. 

Note, this constrain is not a PD design constrain, but a placement algorithm 

constrain. 

4.3.3 PDE Operators 

� PDE Rotation Mutator 

Our PDE exploration algorithm supports a 90 degree rotation of a core Ci. The 

rotation of a core is realized by exchanging the width and height of Ci. It is essentially a 

mutation operator. As shown in Figure 4-10, the width and height of Core1, Core2, and 

Core3 are exchanged. After this new chromosome is generated, it will be evaluated by the 

floorplanning engine to calculate the chip area and wirelength.  
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Figure 4-10: An example of rotation manipulation 

� PDE Placement Sequence Mutator 

As our PDE exploration is placement sequence centered, it is nature to design a 

placement sequence mutator which will operate on the sequence property of architecture 

chromosomes. As shown in Figure 4-11, the component placement sequence is changed 

from {0, 1, 2, 3, 4} to {0, 2, 3, 1, 4}, which implies a new layout solution – new chip area 

and wirelength.  



106 
 

 
 

 

Figure 4-11: An example of placement sequence update 

� PDE Crossover 

The classical one point or two pointer crossover can no longer work for PDE 

chromosomes, since it could generate many infeasible solutions. As shown in Figure 4-12, 

the one-point crossover generates two chromosomes with sequence {0, 1, 3, 1, 4} and {0, 

2, 2, 3, 4}. Both are infeasible solutions as in both chromosomes there are two 

components will be placed at the same time, which violates the concurrency constrain of 

the algorithm. 
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Figure 4-12: An example of infeasible floorplanning crossover 

Therefore, we defined a PDE specific crossover operator shown in Figure 4-13. In 

this PDE crossover operator, we defined 2 core groups for each parent chromosomes:  



108 
 

 
 

T�= {A�� | C�� 
  C�#} , T#= {A�# | C�� 
  C�#} 

�̀= {A�� | C�� a  C�#} , `#= {A�# | C�� a  C�#} 

Where C��  is the sequence property of Core i in P1 chromosome and C�#  is the 

sequence property of Core i in P2 chromosome. α1 and α2 are sets of Cores in P1 and P2, 

that have the same sequence numbers. β1 and β2 are sets of Cores in P1 and P2, that have 

the different sequence numbers.  Please note, even cores in α1 and α2 share the same 

sequence numbers, but their components could have different width and height as results 

of the rotation operator. 

In Figure 4-13, α1 = {0, 4} and α2 = {0, 4}, β1 = {2, 3, 5} and β2 = {2, 3, 5}. The 

crossover operator exchanges and combines α1 and β1 to produce a new chromosome C1 

with {α1 and β2} = {0, 4, 2, 3, 5} and C2 with {α2 and β1} = {0, 4, 2, 3, 5}. Note, even C1 

and C2 have the same sequence of component placement, but the weight and height of 

components are different, which are circled in red. 
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Figure 4-13: An example of PDE crossover 

Placement Algorithm 

The placement algorithm is based on the sequence that all cores will be placed.  

The sequence of placement is generated by the PDE exploration. Moreover, the 

placement possibilities of new incoming cores are confined to the corners of in-place 
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cores. The algorithm is based on a Bottom-Left placement strategy where no module in a 

layout can be shifted further to the left and to the bottom of the packing space [75]. 

 We maintain two set of Cores: 

T 
 GABON� | ScQdNR� �C �O�NJ, a set of all Cores that have already been placed. 

` 
 GABON� | ScQdNR� �C eQcCNJ, a set of all Cores that have not been placed. 

Where T � ` 
 f,  U represents all Cores. Variable m is the number of Cores in T 

and variable n is the number of Cores in `. 

 

Figure 4-14: Placement possibility of an incoming core against an in-place core 

Figure 4-14 shown the possible placement location of an incoming core against 

the four corners of an in-place core. For each in-place core corner, the incoming core 

could be placed in four positions which are numbered from 1 to 4. Therefore, there are 

total m = 4×4 = 16 possible placement positions for an incoming core against one in-

place core. With the bottom left placement strategy, the placement algorithm will try to 

place to incoming core to the most bottom left position. So the incoming core will be 

placed against all in-place Cores starting from 0 to m. As soon as the algorithm finds a 
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feasible position for the incoming core, it will stop trying other positions. And the 

algorithm will continue with another incoming core. If there is no feasible placement 

found for an incoming Core against all in-place Cores, then the placement will terminate 

and return FALSE to report that this placement sequence is not feasible. And the 

corresponding chromosome will be removed from the PDE population. Figure 4-15 

shows the pseudo code for the placement algorithm.  

Set ̀ 
 f and T 
  g 
Sort the list of Cores by seq in ascending order. 
Set x0, y0 = (0, 0) 
Incoming_core_loop: FOR i =1 TO  (m+n) -1 
Inplace_cores_loop:    FOR  j = 0 TO m 
        IsFeasible = FALSE  
                                                 FOR k = 1 to 4                     
                            SWITCH k 
     CASE 1: (oi, oi) = (xj, yj)     // left bottom corner of Corej 
    CASE 2: (oi, oi) = (xj +  wj, yj),    // right bottom corner of Corej 
    CASE 3: (oi, oi) = (xj , yj +  hj),   // left top corner of Corej 
    CASE 4: (oi, oi) = (xj+  wj , yj +  hj) //  right top corner of Corej 
             ENDSWITCH k 

          FOR l =1TO 4     

               SWITCH l 
                 Case 1: (xi, yi) = (oi - wi, oi -hi ) // position (1)  
                      Case 2: (xi, yi) = (oi , oi -hi ) // position(2) 
                     Case 3: (xi, yi) = (oi - wi, oi ) // position(3) 
                    Case 4: (xi, yi) = (oi , oi )  // position(4) 
               ENDSWITCH l 

           IF  checkFeasibility() == TRUE THEN 
                m = m +1 
                n = n -1 
 IsFeasible = TRUE 
                jump to INCOMING_CORE 
          ENDIF 
     ENDFOR l 

                            ENDFOR_k 
                                     ENDFOR m 
          IF IsFeasilbe == FALSE THEN 
             RETURN FALSE 
                                   ENDIF 
    ENDFOR i 
                              RETURN TRUE 

Figure 4-15: Pseudo code for core placement algorithm 
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4.3.4 PDE Design Objectives 

The PD level design objectives could be: area, wirelength, congestion, and area 

utility, etc. Here, for simplification, we use two objectives area and wirelength to 

illustrate the MOGA usage in PD design. 

� Chip Area Objective 

Chip area = x × y, where � 
  max���� ?  X�� Q�R  
  max�� � ? P�� 

� Wirelength Objective 

It is estimated that the wire length reduction alone can reduce the interconnect energy 

and propagation delay by 51% and 54% respectively, at the 45 nm technology node [76]. 

The wires of a communication link could roughly be divided into data wires and control 

wires. The number of control wires is usually much smaller than that of data wires. 

Therefore, we omit the energy consumption and delay of these wires from our analysis. 

As bus-based communication architectures are the focus of this research, so we assume 

data wires are buses. The focus of this research is not to construct a wirelength prediction 

or estimation algorithm, so we use Manhattan distance to estimate bus wirelength. The 

Manhattan distance between two cores can be evaluated using the smallest rectangle 

enclosing the center of each core: 

d(i,j) =  | xi – xj| + |yi –yj| 

 Similarly, a bus wirelength can be evaluated as the smallest rectangle enclosing 

the centers of all cores connected on to this bus: 
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lk =  | xmax – xmin| + |ymax – ymin| 

Total wirelength is the sum of wirelengths of all buses: 

h 
  > c^^
 

The wire delay di associated with each bus can be estimated with the method that 

is proposed in [36] [77]. Here we simply summarized that method. First a bus with 

multiple PE (multi-pin model) connected to can be extracted to two pin model shown as 

Figure 4-16. 

Ai 
  > d� �  AU
^

�j�
 

AU 
  > ∑ c3�3j�c d3
^

�j�
 

 

Figure 4-16: A Multi-pin net to a two pin net transformation 
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Then the wire delay dwire can be calculated as: 

R]�KI 
  kWAi ? � lmnop�lpn�< plmno�lpn�<qrst<uqrvswstx)l 

Where 

T� 
  14 Odz Q�R T# 
  12 | OdzkWAU  
and W(X) is Lambert’s W function defined as the value of w which satisfies XN] 
 �. Rd 

is the resistance of the driver, l is the wire length, CO and CL are capacitive loads. The rest 

of the parameters are dependent on the process technology used – r is the sheet resistance 

in Ω/sq, ca is unit area capacitance in fF/µm2 and cf is unit fringing capacitance in fF/µm 

(defined to be the sum of fringing and coupling capacitances). 
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5 IMODE MULTI-OBJECTIVE DECISION MAKING  

As mentioned in Chapter 3, in the IMODE methodology, an embedded multi-

objective Pareto genetic algorithm is used to explore multiple design spaces and each 

design space exploration is double-linked to its previous design space and following 

design space. The key components to support the feedback links are multi-objective 

decision makers, which perform design decision making, that is, select a “best” solution 

from the ParetoPopulation and feedback it to the previous design space. In this Chapter, 

we will be introducing this multi-objective decision maker and its application in the 

IMODE methodology.  

5.1 Introduction  

Each design space exploration (DSE) is a multi-objective search problem with 

design space-specific criteria and objectives. The output of the multi-objective Pareto 

genetic algorithm exploration is a set of non-dominated design alternatives which is 

called a Pareto-optimal front. However, to choose a design solution, which best fit the 

design requirements, from the Pareto optimal front usually could be a difficult task as:  

1) Large Pareto Space. The SoC design space under exploration could be huge 

with all possible combinations of design options. In order to provide a Pareto front which 

is as close as possible to the real situation, the IMODE exploration algorithms are 

unbiased search. Considering these factors, the resulting Pareto set could be huge. 
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Without an intelligent decision maker, it is difficult to select a best solution from such 

large multi-objective solution space where each solution is indifferent to another.  

2) Fuzzyness at System Level Design. One of the major advantages of system 

level design is that we are able to abstract gate or cycle accurate information to a higher 

level of abstractions. The cost of doing this is that information at system level is not as 

accurate as lower levels and very often they are estimation. At early design stage, many 

of our definitions in design objectives are also imprecise. For instance, “low power 

design” is fuzzy term because meaning of “low power” is fuzzy. The multi-objective GA 

itself is a heuristic search process, therefore the Pareto front which serves as the database 

for design decision making is also an approximation to the real one and could contain 

some Pareto point misses. The traditional crisp set based on 1 or 0 logic is no longer able 

to handle these information uncertainty and inaccuracy at system level. However human 

reasoning process can handle these situations naturally.  

Zadeh states “imprecisely defined ‘classes’ play an importance role in human 

thinking, particularly in the domains of pattern recognition, communication of 

information and abstraction” [78]. 

3) System Complexity. With the aforementioned SoC system complexity, it 

becomes difficult that a single person or team is equipped or experienced enough to have 

sufficient design knowledge and experience to handle multiple design phases and design 

objectives. Furthermore, the evaluation of an each design objective is usually subjective, 

but the design making process could be objective. The system complexity implies another 
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source of fuzziness, that is, complexity of dependencies between different characteristics 

of the system. For example, knowledge about relations between area of the circuit and a 

clock rate prior to implementation of the design exists in the form of the fuzzy rule “if 

area could be made larger, then clock rate could be made higher.” And a “good design” 

main imply a low power consumption, fast task execution, small chip area, and low cost. 

As the complexity of a system increases our ability to make precise and yet 

significant statements about its behavior diminishes until a threshold is reached beyond 

which precision and significance (or relevance) become almost mutually exclusive 

characteristics. [79]. 

In retreat from precision in the face of overpowering complexity, it is nature to 

explore the use of what might be called linguistic variables [78]. So an intelligent 

decision making support is needed, which not only could present accumulated design 

knowledge and design expertise, but also able to handle the balance between system 

complexity and data precision.  

4) Multi-objective Decision Making. The selection of “best” design alternative 

from the ParetoPopulation is a decision making process which involves many design 

criteria and objectives, such as power consumption, costs, execution time, chip area, 

wirelength, etc. Balancing different objectives by the weight function is difficult because 

it requires comparison of “apples” and “oranges.” Fuzzy logic is a convenient vehicle for 

solving this problem because it allows to map values of different criteria into linguistic 

values, which characterize level of satisfaction of the designer with the numerical value 
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of objectives and to operate over the values from the interval [0, 1] defined by the 

membership functions for each objective. 

A fuzzy logic system is a nonlinear mapping of input data vector to a scalar output. 

Fuzzy logic is able to use linguistic descriptions to handle “fuzzyness” which could 

translate to uncertainty, inaccuracy, and system complexity issues in early design space 

exploration. Furthermore, human factors involved in design selection and evaluation 

make design problems natural targets for application of fuzzy logic. Fuzzy set theory and 

fuzzy logic provides a simple and effective way to numerically formulate designer’s 

design preference and simultaneously handle numerical data and linguistic knowledge 

[61]. Therefore, fuzzy logic systems seem to be a desirable candidate to tackle these 

issues for system level SoC design decision making. 

5.2 IMODE Decision Making Flow 

The use of fuzzy logic in conjunction with genetic algorithms is not new. 

However, the vast majority of papers on the subject deal with the use of genetic 

algorithms to help evolve optimal fuzzy set or on the other hand use fuzzy logic to tune 

genetic algorithm parameters, such as crossover probability, mutation probability, or 

population size, etc. Different from these methodologies, we use fuzzy logic based 

decision maker to provide decision making support on top of the Pareto set auto-

generated by genetic algorithm based design space exploration. The fuzzy decision 

making process is de-coupled from the design exploration process and operate on the 

exploration result. In this way, we utilize numerical and linguistic information in a design 
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process at their advantage, GA exploration to explore the design space with numeric 

evaluation of design objectives, the fuzzy logic based system to use linguistic variables to 

handle data fuzzyness, domain knowledge, and system design complexity. The 

combination of GA exploration and fuzzy logic system can join force both subjective and 

objective knowledge together to address early design space exploration problems. Figure 

5-1 shows the architecture of the fuzzy logic based multi-objective decision maker. The 

core of the multi-objective decision maker is the fuzzy logic system.  

 

Figure 5-1: Fuzzy logic based multi-objective decision maker 

As shown in Figure 5-2, the fuzzy logic based multi-objective decision maker 

takes the array of design objectives of each Pareto solution as input and assign a rank to 

this Pareto solution. This ranking process will repeat until all Pareto solutions are ranked, 

then the Pareto population will be re-sorted according to the Pareto individual’s ranking. 

Finally, the decision maker will return the Pareto individual with the best ranking as the 
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best design alternative. The design decision making is decided by a fuzzy logic system 

which will be introduced in the following session. 

 

Figure 5-2: Fuzzy decision making process 

Figure 5-3 shows the embedded fuzzy decision structure for IMODE. Note, the 

dotted arrows indicate that these decision makers are NOT directly called by each another, 
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but the “one to many relationships”, as a decision maker will only be triggered by the 

completion of the associated DSE exploration. There is one decision maker per one 

ParetoPopulation. The CCE decision maker works on the CCE final ParetoPopulation; 

CAE decision maker works on the final CAE ParetoPopulation; PDE decision maker 

works on the final PDE ParetoPopulation. As we described in the Chapter 3 and shown in 

Figure 3-11, one CCE individual has one CAE ParetoPopulation; one CAE individual has 

one PDE ParetoPopulation. So the number of times that a PDE decision maker will be 

called – M, is the total number of individuals that get evaluated in the CAE evolution. 

Similarly, the number of CAE decision maker will be called – N, is the total number of 

individuals that get evaluated in the CCE evolution. Finally, as there is only one CCE 

ParetoPopulation during the entire IMODE exploration,  the CCE decision maker will be 

called once and serve as the final decision maker to present the best “overall” SoC design 

solution.  

 
 

Figure 5-3:  Embedded fuzzy decision structure for IMODE 
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5.3 IMODE Fuzzy Logic System 

A Fuzzy Logic System (FLS) is a nonlinear mapping from the crisp input to the 

crisp output space. FLSs are rule-based systems in which an input is first fuzzified (i.e., 

converted from a crisp number to a Fuzzy set) and subsequently processed by an 

inference engine that retrieves knowledge in the form of fuzzy rules contained in a rule-

base. The fuzzy sets computed by the fuzzy inference as the output of each rule are then 

aggregated and defuzzified (i.e., converted from a fuzzy set to a crisp number).  Terms of 

a linguistic variable are fuzzy sets. Rules might be provided by an expert or extracted 

from numeric data. In either case, the rules can be expressed as IF-THEN statements. For 

example, “IF process speed is high and power consumption is low, THEN the design is 

good”. This one rule implies: 

1) Linguistic variables vs. numeric values of a variable (for example, high speed 

versus millions of MIPS).  

2) Quantifying linguistic variables, e.g., process speed may have a finite number 

of linguistic terms associated with it, ranging from very low, low, adequate, 

high, very high, which are characterized by associated fuzzy membership 

functions. 

3) Logic connections for linguistic variables, e.g., “and” or “or”. 

4) Implications, i.e. “IF A THEN B” 
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Figure 5-4: Multiple input single output fuzzy logic system 

As our fuzzy logic system need to process multiple inputs – design objectives and 

produce one output – design solution ranking, our decision maker can be modeled as a 

multiple inputs single output fuzzy logic system as shown in Figure 5-4.  

The input vector to our FLS is the vector of all objectives of one Pareto individual: 

X = {x1, x2… xn} and the output y is the ranking of one Pareto solution. 

Fuzzy Set and Fuzzification 

As described in Chapter 2, fuzzy set theory generalizes classical set theory in that 

the membership degree of an object to a set is not restricted to the integers 0 and 1, but 

may take on any value in [0,1]. The definitions of linguistic variables, associated fuzzy 

sets term and membership functions at each design spaces are directly related to the 

design objectives. A linguistic variable xi in its universe of discourse U is characterized by: 
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  G��}� , ��}# ,… , ��}'} and, 

���� 
 G��}� , ��}# ,… , ��}'}, 

Where ����� is the term set of the linguistic variable xi and u(xi)is the associated 

membership function.  

Take PD design as an example, we define two design objectives – chip area and 

wirelength, so we have two linguistic variables defined in FLS, that is chip area and 

wirelength. Let x1 denotes chip area and T(x1) represents its term set {small, medium, 

large} and the universe of discourse being [0-2000] where we may interpret “large” as a 

chip area larger than 1000 units, “medium” as a chip area close to 500 units, “small” as a 

chip area smaller than 200 units; x2 denotes wirelength and T(x2) represents its term set 

{short, medium, long} and the universe of discourse being f�p.  And output y being the 

“design quality”.  Similarly, T(y) represents its term set {poor, acceptable, good, excellent} 

with each has a membership function �~�  defined on the universe of discouse V. 

 

 

Figure 5-5: Fuzzy sets, membership functions, and fuzzification 
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The fuzzification process maps crisp numbers to fuzzy sets of linguistic variables. 

It is needed in order to activate rules that are in terms of linguistic variables, which have 

fuzzy sets associated with them. The fuzzifier takes input values and determines the 

degree to which they belong to each of the fuzzy sets via membership functions.  A 

specific data x will be map to fuzzy set ���  with membership ��� , fuzzy set ��#  with 

membership ��# , and so on. The mapping can be implemented by triangle, trapezoidal, 

Gaussian, or other shapes of fuzzy set. As shown in Figure 5-5, chip area 1200 units can 

be characterized to a “medium” sized design with membership 0.35 and a “large” sized 

design with membership 0.65. Wirelength 12500 units can be characterized to a “medium” 

with membership 0.80 and a “long” with membership 0.20. 

Rules and Inference 

After the crisp input data are mapped to fuzzy sets by the fuzzifier, the inference 

engine maps input fuzzy sets to output fuzzy sets according to pre-defined rules. Rules 

are the major component of a fuzzy logic system and are in forms of propositions. A 

proposition is a statement involving linguistic variables and fuzzy terms, e.g., “The 

wirelength is short.” Consequently, we could have the following rule: “IF the wirelength 

is short, THEN wire delay is short.” There are three fundamental operations that can be 

used to combine propositions: conjunction  p�q, disconjuction S ��, and implication p 

� q which is usually take place as IF-THEN (production rule). The IF part is called 

antecedent and the THEN part is called consequent. 
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SoC design rules base could be expressed as logical implications, i.e., a collection 

of IF-THEN rules, which can be expressed as: 

k�: �!��� �C ���, �#�C ��#, … , ��%�C ��%�DPN�   �C �~   
The n preconditions of Ri form a fuzzy set ��� � ��# … � ��%, and the consequent 

is y is �~. The membership of the rule is: 

T� 
 min ��������, ��#��#�, … , ��%��%��  
or 

T� 
 ���������#��#� … ��%��%��  
Rule set R of PD can be defined as IF-THEN rules, such as: 

R0: IF chip area is small  AND wirelength is short  T HEN design is 
excellent; 
R1: IF chip area is small  AND wirelength is medium T HEN design is good; 
R2: IF chip area is small  AND wirelength is large  T HEN design is 
acceptable; 
R3: IF chip area is medium AND wirelength is long   T HEN design is poor; 
R4: IF chip area is medium AND wirelength is medium T HEN design is 
acceptable; 
R5: IF chip area is medium AND wirelength is short  T HEN design is good; 
R6: IF chip area is large  AND wirelength is long   T HEN design is poor; 
R7: IF chip area is large  AND wirelength is medium T HEN design is poor; 
R8: IF chip area is large  AND wirelength is short  T HEN design is poor; 
 

Once the inputs have been fuzzified, we know the degree to which each part of 

the antecedent has been satisfied for each rule. If a given rule has more than one part, the 

fuzzy logical operators – minimum or production operators are applied to evaluate the 

composite firing strength of the rule. The inference engine defines mapping from input 

fuzzy sets into output fuzzy sets. It determines the degree to which the antecedent is 

satisfied for each rule. The implication method is defined as the shaping of the output 

membership functions on the basis of the firing strength of the rule. The input to the 



127 
 

 
 

implication process is a single number given by the antecedent, and the output is a fuzzy 

set. Two commonly used methods of implication are the minimum and the production. 

Figure 5-6 shows the inference results for R4 and R6 based on minimum operation. 
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Figure 5-6: Fuzzy inference 

 
Aggregation 

After we obtain firing strengths of the rules, we need to combine the 

corresponding output fuzzy sets into one composite fuzzy set. The process of combining 

output fuzzy sets into a single set is called aggregation, a process that unifies the outputs 

of all the rules. Essentially, aggregation takes all fuzzy sets that represent the output for 

each rule and combines them into a single fuzzy set that is used as the input to the 

defuzzification process. Figure 5-7 shows the aggregation of R4 and R6. 
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Figure 5-7: Aggregation 

Defuzzification 

In order to get a crisp value for output y, which is the ranking of each Pareto 

design solution, we need a defuzzification process. The input to the defuzzification 

process is a fuzzy set (the aggregated output fuzzy set), and the output of the 

defuzzification process is a single crisp number – design solution ranking. Several 

methods for defuzzification are used in practices, including the centroid, maximum, mean 

of maxima, height, and modified height defuzzifier. We use the centroid defuzzification 

method, which is the most common one and calculates and returns the center of gravity of 

the aggregated Fuzzy set as the crisp output.  

Center of Gravity

Crisp output (ranking): y

De-fuzzification

Design Quality

 

Figure 5-8: Defuzzification 
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6 IMPLEMENTATION, SAMPLE RESULTS, AND FUTURE WORK 

In this chapter, we present the IMODE framework implementation, sample results, 

and concepts for future work which can extend our methodology in the SoC design space 

exploration area.  

6.1 Dissertation Summary 

This dissertation presents the IMODE methodology which is a novel SoC design 

space exploration methodology where multiple design space explorations are performed 

by a combination of a Pareto multi-objective genetic algorithm and fuzzy logic system 

based decision making. As far as we know, it is unique and more comprehensive than 

many other existing DSE methodologies in that design space exploration and decision 

making are two separated but still interdependent processes and all heterogeneous design 

space explorations – computation/core exploration, communication architecture 

exploration, and physical design exploration, are covered with a unified methodology 

which can significantly improve methodology continuity.  

The IMODE methodology features a unique fuzzy logic system based decision 

making engine which can perform another layer of computation intelligence on a Pareto 

front which consists of Pareto design alternatives. The fuzzy decision making engine can 

address system level design uncertainty and information inaccuracy, support multi-

objective design decision, and intelligently prune and tune design space. The fuzzy 

decision making engine at each design space plays a key role in a unique feature of 

IMODE, that is, to provide an intelligent feedback link to neighboring and interdependent 
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DSE problems. This feedback link makes it possible that the design impact of a lower 

level design phase is visible at higher level design phases and completes the two-way 

links between neighboring design phases. 

The IMODE methodology is able to explore multiple design spaces with one run 

and present a single best SoC design solution with design information from various 

design spaces. With these features and advantages, IMODE can support fast early system 

level SoC design analysis and exploration.  

6.2 Algorithm Implementation and Evaluation 

We implemented the IMODE methodology in a C++ program with our own 

around 6000 lines of code on top of classes and functions from open sources GALib [72], 

FFLL [80], and SPEA [81] for CCE, CAE, and PDE operators, schedulers, floorplanning 

engine, objective functions, fitness functions, utilities functions, etc. The IMODE 

software takes inputs as: 

• A task specification – task graph information, data transfer table, task/core 

timing and power consumption parameters. 

• A core specification – core cost and physical parameters. 

• A bus specification – bus configuration parameters. 

• A GA specification – GA configurations (such as population size, 

crossover/mutation probability, etc.) per each design space. 
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• Fuzzy specifications – fuzzy logic system definitions (such as membership 

functions, fuzzy rules, etc.) per each design space. 

• A constrain specification – design constrains. 

The output of the IMODE software is a best SoC design solution which meets 

design specification, constrains, and decision rules.  

As IMODE is unique and more comprehensive than many other existing DSE 

methodologies, it is difficult to compare IMODE with other existing heuristic design 

space exploration algorithms. However, here we present some results from our 

experiment to demonstrate the effectiveness and efficiency of the IMODE methodology. 

This experiment used a task graph with 10 tasks each of which had a choice of 3 core 

alternatives. Please note, data used in this experiment are conceptual for experimenting 

purpose only. Figure 6-1 presents the task specification, where there are four task related 

tables defined: 

1)  task_core_table defines task dependency and task to core mappings. 

2) task_core_computing_time_table presents computing time per each task/core 

mapping.  

3) task_core_power_table presents power consumption per each task/core 

mapping.  

4) task_data_transfer_table defines data transfer volumes among tasks. The data 

transfer volume between two tasks is indexed by row number (source task ID) 

and column number (sink task ID) of this sparse matrix.  
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#TaskGraph 
NumberOfTasks: 10 
task_core_table: 3 
Task In Out BusType  Core1 Core2 Core3 
1  0  2,3,4 AHB  0 1 2 
2  1  5  AHB  0 3 4 
3  1  5  AHB  0 5 6 
4  1 9  AHB  0 7 8 
5 2,3  6,7  AHB  0 9 10 
6  5  8  AHB  0 11 12 
7  5  8  AHB  0 13 14 
8  6,7  9  AHB  0 15 16 
9  8,4  10  AHB  0 17 18 
10  9  0  APB  19 20 21 
 
#task_core_computing_time_table 
Task Core1 Core2 Core3 
1 100  33 23  
2 231  132 68 
3 180  93  39  
4 1190 893  623  
5 930 511 603 
6 1200 890  490 
7 1468 870 1230 
8 1036 1321 1698 
9 2689 1100  831 
10 3118  1180 2180 
 
#task_core_power_table 
Task Core1 Core2 Core3  
1 101  30 50  
2 230  150  120  
3 150  40  85  
4 639  200  275  
5 518  251  171 
6 433  100  160 
7 350  135  85 
8 321  430  630 
9 903  300  390 
10 1211  233 133 
 
#task_data_transfer_table 
0  103  330  1830  0  0  0  0  0  0 
0  0  0  0  620  0  0  0  0  0 
0  0  0  0  930  0  0  0  0  0 
0  0  0  0  0  0  0  0  2133  0 
0  0  0  0  0  1310  1223  0  0  0 
0  0  0  0  0  0  0  1090  0  0 
0  0  0  0  0  0  0  938  0  0 
0  0  0  0  0  0  0  0  893  0 
0  0  0  0  0  0  0  0  0  3198 
0  0  0  0  0  0  0  0  0  0 

Figure 6-1: Task specification 
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Figure 6-2 presents the core specification, where core physical information are 

stored, such as width, height, cost, and load capacitance (CL), and parameters to calculate 

wire delays as described in Chapter 5.  

totalCore: 22 
core name  width height cost CL 
0      CPU  5000    5000 100 150   
1      CORE1  2000    1900 200 90 
2      CORE2  3900    5300 300 83 
3      CORE3  3300    3100  400 79 
4      CORE4  2300    2900 500 92 
5      CORE5  3400    3900 600 131 
6      CORE6  3100    2300 700 120 
7      CORE7  5300    3300 800 129 
8      CORE8  4300    4300 900 131 
9      CORE9  1300    300 100 33 
10     CORE10  500    900 200 130 
11     CORE11  800    1300 200 109 
12     CORE12  2300    1300 1300 30 
13     CORE13  3300    3250 400 180 
14     CORE14  3900    4300 500 83 
15     CORE15  1300    1300 100 18 
16     CORE16  1900    2800 200 12 
17     CORE17  3780    3100 300 300 
18     CORE18  3000    2500  400 38 
19     CORE19  2000    2750 500 138 
20     CORE20  300    350 700 110 
21     CORE21  600 600 80 9 
 
#0.18Micron 
r: 0.068 
ca: 0.060 
cf: 0.064 
tg: 66.4 
cg: 0.234 
rg: 17.1 

Figure 6-2: Core specification 

Figure 6-3 describes the bus specification, where choices of bus width and clock 

frequency, and supply voltage are defined. For example, an AHB bus could have 3 choice 

of width: 32 bits, 64 bits, and 128 bits and its clock frequency could be 100 MHz, 133 

MHz, or 256 MHz. 
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#bus_parameters 
#AHB_WIDTH 3 
32 64 128 
#AHB_SPEED 3 
100 133 256 
#APB_WIDTH 2 
8 16 
#APB_SPEED 3 
10 20 40 
 
#Vdd  3.3 

Figure 6-3: Bus specification 

Figure 6-4 presents the CCE fuzzy specification which is used by the CCE fuzzy 

decision maker introduced in Chapter 5. The fuzzy specification follows the format 

defined by IEC1131 [82]. CAE and PDE fuzzy specifications use the same format with 

different design objectives, membership functions, and fuzzy rules, which are specific to 

each of them. The CCE fuzzy specification defines 4 inputs to the Fuzzy decision maker 

– ComputingTime, ChipPower, Cost, and Area,  one output – SoCRating, membership 

functions, production operator – Min, aggregation operator – Max, and fuzzy rule set.  
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FUNCTION_BLOCK 
 
VAR_INPUT 
 ComputingTime  REAL; (* RANGE(0 .. 2000000) *)  
 ChipPower  REAL; (* RANGE(0 .. 4000) *)  
 Cost   REAL; (* RANGE(0 .. 5300) *)  
 Area   REAL; (* RANGE(0 .. 350) *)  
END_VAR 
 
VAR_OUTPUT 
 SoCRating  REAL; (* RANGE(0 .. 4) *)  
END_VAR 
 
FUZZIFY ComputingTime 
 TERM Fast := (0,1) (330000, 1) (550000, 0) ; 
 TERM Acceptable := (450000, 0) (658900, 1) (750000, 0) ; 
 TERM Slow := (750000, 0) (1000000, 1) (2000000, 0) ; 
END_FUZZIFY 
 
FUZZIFY ChipPower 
 TERM Low := (0, 1) (2300, 1) (2500, 0) ; 
 TERM Medium := (2500, 0) (2800,1) (3000, 0) ; 
 TERM High := (3000, 0) (3200, 1) (4000, 0) ; 
END_FUZZIFY 
 
FUZZIFY Cost 
 TERM Cheap := (0, 1) (2630, 1) (2900, 0) ; 
 TERM Average := (2900, 0) (3250, 1) (3600, 0) ; 
 TERM Expensive := (3600, 0) (4000, 1) (5300, 0) ; 
END_FUZZIFY 
 
FUZZIFY Area 
 TERM Small := (0, 1) (68, 1) (120, 0) ; 
 TERM Medium := (110, 0) (150, 1) (200, 0) ; 
 TERM Large := (200, 0) (250, 1) (350, 0) ; 
END_FUZZIFY 
 
FUZZIFY SoCRating 
 TERM Excellent := 1 ; 
 TERM Good := 2 ; 
 TERM Average := 3 ; 
 TERM Poor: =4; 
END_FUZZIFY 
 
DEFUZZIFY 
 METHOD: MoM; 
END_DEFUZZIFY 
 
RULEBLOCK first 
 AND:MIN; 
 ACCUM:MAX; 
 RULE 0: IF Fast AND Low AND Cheap AND Small THEN Excellent; 
 RULE 1: IF Fast AND Low AND Cheap AND Medium THEN Good; 
 RULE 2: IF Fast AND Low AND Average AND Medium THEN Average; 
 … … … 
END_RULEBLOCK 
 
END_FUNCTION_BLOCK 

Figure 6-4: CCE fuzzy specification 
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In this experiment, we defined a GA specification to configure GA parameters 

shown in Table 6-1. The GA specification defines GA parameters—population size, 

Pareto set size, number of generations, crossover probability, and mutation probability for 

each design space.  

DSE Population 

Size 

Pareto Set 

Size 

Number of 

Generations 

Crossover 

Probability 

Mutation 

Probability 

CCE 10 100 50 0.6 0.1 

CAE 10 100 50 0.03 0.7 

PDE 10 100 10 0.3 0.6 

Table 6-1: GA specification 

With these specification setups, the IMODE software was able to explore large 

number of design alternatives per each design space. As shown in Table 6-2, total 70 

computation/core mapping alternatives were evaluated, 7476 communication architecture 

alternatives were evaluated, and 224280 physical design alternatives were evaluated.  

DSE Total Number of chromosomes evaluated 

CCE 70 

CAE 7476 

PDE 224280 

Table 6-2: Total number of chromosomes evaluated  

To explore such large design spaces, GA operators were frequently executed to 
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produce new design alternatives. Table 6-3 and Table 6-4 list the number of GA 

operations that were performed during the IMODE exploration process and the number of 

fuzzy decision makers were called respectively.  

Operation Types Total Number of Operations 

CCE crossover 30 

CCE mutation 100 

CAE newBus 3523 

CAE splitBus 3505 

CAE migrateBus 3470 

CAE bus parameter mutation 3445 

CAE mergeBus 3513 

CAE cluster crossover 111 

PDE mutation 149520 

PDE crossover 22200 

Table 6-3: Total number of GA operations performed 

DSE Fuzzy Decision Maker Total Number of Operations 

CCE 15 

CAE 367 

PDE 18531 

Table 6-4: Total number of fuzzy decision maker executed 

Table 6-5 presents the total number of Pareto dominance evaluated and the 

number of Pareto solutions whose Pareto dominance were revoked and removed from 
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Pareto sets during the IMODE exploration process. 

DSE Pareto Dominance Recognized Pareto Dominance Revoked 

CCE 712 255 

CAE 24616 10710 

PDE 455019 315723 

Table 6-5: Total number of Pareto dominance evaluated 

 In this experiment, the IMODE software was able to generate a CCE Pareto set of 

15 Pareto solutions shown in Table 6-6.  

solution # Time (ns) Power(mW) Cost ($) Area (mm2) 

1 627823.50 2856.90 2680.00 163.68 

2 600018.38 2226.90 4180.00 139.31 

3 286440.69 3280.06 2600.00 79.1 

4 480709.9 2598.56 3200.00 215.51 

5 714040.56 2560.19 3100.00 145.25 

6 587296.13 2246.25 3400.00 145.23 

7 649442.69 2304.98 3600.00 143.55 

8 663222.81 2220.80 4280.00 128.15 

9 412516.09 2874.42 2180.00 99.36 

10 597209.75 2362.98 3600.00 134.78 

11 731040.19 2610.77 2800.00 88.29 

12 561624.88 2677.59 2800.00 116.76 

13 631237.75 2605.01 3280.00 169.48 

14 470316.06 2389.41 3400.00 157.87 

15 556943.88 2615.28 3700.00 145.69 

Table 6-6: CCE Pareto set 
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 The CCE fuzzy decision maker was able to select a best SoC solution from the 

Pareto set shown in Table 6-6 based on the CCE fuzzy specification defined in Figure 6-4.  

Figure 6-5 shows the screen output of the IMODE software. The best SoC solution 

includes design solution summary – data on SoC level design objectives, and 

comprehensive and detailed design information for computation architecture, 

communication architecture, and floorplanning.  

 

Figure 6-5: Screen output of IMODE software 

Please note, the best SoC solution produced by IMODE software is subject to 

change with the application of different CCE fuzzy specifications. The IMODE software 

is able to select a best SoC design solution on the fly when the CCE fuzzy specification 
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changes without rerunning the entire exploration again. This flexibility shows another 

advantage of the unique feature of the IMODE methodology – separation of exploration 

and decision making. 

In summary, the IMODE software was able to efficiently and effectively explore 

multiple design spaces with large number of design alternatives and return a best SoC 

design solution with comprehensive design information.  

6.3 Future Work 

The unique methodology continuity and unified exploration methodology across 

multiple design spaces of the IMODE methodology have paved the way to integrate 

many more design space exploration methods to explore more aspects of a SoC design, 

such as voltage island exploration and low power strategy exploration. The current 

communication architecture exploration in the IMODE is based on hierarchical shared 

bus architectures and can be extended to support crossbar communication architectures 

which are gaining more and more momentum in dealing with ever increasing 

communication throughput requirements and system complexity. A crossbar 

communication architecture consists of several parallel buses to support high bandwidth 

concurrent traffic among multiple processors and subsystems, and is more configurable 

and scalable than hierarchical shared bus architecture. Another interesting area to extend 

is to support the task graph exploration – algorithm exploration along with architecture, 

communication, and physical implementation exploration.   
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