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Abstract 

State-of-the-art design of analog and radio frequency integrated circuits is often accomplished using 

sizing optimization. In this work, an innovative combination of principal component analysis (PCA) and 

evolutionary computation is used to increase the optimizer’s efficiency. The adopted NSGA-II 

optimization kernel is improved by applying the genetic operators of mutation and crossover on a 

transformed design-space, obtained from the latest set of solutions (the parents) using PCA. By applying 

crossover and mutation on variables that are projections of the principal components, the optimization 

moves more effectively, finding solutions with better performances, in the same amount of time, than 

the standard NSGA-II optimization kernel. A further improvement is also experimented with which is 

applying PCA with Whitening. The Whitening process is performed on the decorrelated data obtained 

by the PCA, assigning the same variance to all features of the new design-space, which in this case are 

the principal components of the dataset. The impact of the ranges of normalization is also studied. The 

proposed method was validated in the optimization of three widely used analog circuits, two amplifiers 

and a voltage controlled oscillator, reaching wider solutions sets, and in some cases, solutions sets that 

can be almost 3 times better in terms of hypervolume. 

Keywords: Electronic Design Automation, Sizing Optimization, Analog and Radio-Frequency Integrated 

Circuits, Multi-Objective Evolutionary Optimization, Principal Component Analysis. 
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Resumo 

O design de última geração de circuitos integrados analógicos e de frequência de rádio é 

frequentemente realizado usando otimização de dimensionamento. Neste trabalho, uma combinação 

inovadora de análise de componentes principais (PCA) e computação evolutiva é usada para aumentar 

a eficiência do otimizador. O kernel adotado de otimização do NSGA-II é melhorado aplicando os 

operadores genéticos de mutação e recombinação num espaço de soluções transformado, obtido a 

partir do último conjunto de soluções (os pais) usando PCA. Ao aplicar os operadores de recombinação 

e mutação em variáveis que são projeções das componentes principais, a otimização é efetuada de 

forma mais eficaz, encontrando soluções com melhores desempenhos, na mesma quantidade de 

tempo, do que o kernel padrão de otimização NSGA-II. Uma nova melhoria é também experimentada 

que consiste em aplicar PCA com branqueamento. O processo de branqueamento é realizado nos 

dados descorrelacionados obtidos pelo PCA, atribuindo a mesma variância a todas as variáveis do 

novo espaço de soluções, que neste caso são as componentes principais do conjunto de dados. O 

impacto dos intervalos de normalização também é estudado. O método proposto foi validado na 

otimização de três circuitos analógicos vastamente utilizados, dois amplificadores e um oscilador 

controlado por tensão, atingindo conjuntos de soluções mais abrangentes e, em alguns casos, 

conjuntos de soluções que podem ser quase 3 vezes melhores em termos de hipervolume. 

Palavras-chave: Desenho de circuitos integrados analógicos, Otimização de dimensionamento, 

Circuitos integrados Analógicos e de Frequência de Rádio, Otimização Evolutiva com Multiobjectivos, 

Análise de Componentes Principais 
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1 Introduction 

In the last decades, Very Large-Scale Integration (VLSI) technologies have been widely improved, 

allowing the increase of consumer electronics applications and powering the steady growth of Integrated 

Circuit (IC) market. The ever-growing need of faster, optimized and reliable electronic devices urges 

their cost-effective development to efficiently meet customers’ demand under highly competitive time-

to-market pressure.  

Albeit modern ICs being mostly implemented using digital circuitry, analog and radio-frequency (RF) 

circuits are still the base for most interfaces and transceivers, and, therefore, research efforts that push 

the boundaries of their performance and power efficiency in state-of-the-art applications and integration 

technologies are of the utmost importance. Today’s electronic systems are extremely complex 

multimillion transistor ICs, whose design is only possible due to powerful design automation and 

computer aided design (CAD) tools. However, unlike digital circuits where most of design stages are 

automated using established tools and methodologies, the shortage of CAD tools for electronic design 

automation (EDA) of analog and RF IC blocks is the major contributor to their bulky development cycles, 

leading to long, iterative and error-prone designer’s intervention along the entire course of the design 

flow, impairing in the overall system development cycle [1]. 

The disparity between digital design and analog design lays in the fact that the latter requires a larger 

knowledge base from the designer, is less systematic in the sense that different designs generate 

different circuits, lowering the reuse rate of analog blocks and the optimization process of this kind of 

circuits is completely heuristic. Because the trend is to combine digital and analog systems in the same 

die (the analog circuitry acts as a bridge between the discrete domain and the continuous nature of the 

external environment) the development period of analog blocks is longer than the digital blocks causing 

a delay in the production of mixed-signal ICs and systems-on-chip (SoC) designs, as shown in Figure 

1-1 [2][3].  
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Figure 1-1 - Digital versus analog design automation reality [2][3]. 

Despite the reuse rate of analog circuits being low, some functionalities are pointed as remaining analog 

undefinedly, and therefore, pushing for analog parts being included in most designs. Some of those 

functionalities are: 
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• On the input side, the signals of a sensor, microphone or antenna must be detected or received, 

amplified and filtered, to enable digitalization with good signal-to-noise and distortion ratio. 

Typical applications of these circuits are in sensor interfaces, telecommunication receivers or 

sound recording; 

• On the output side, the signal from digital processing must be converted and strengthened to 

analog so the signal can be conducted to the output with low distortion; 

• Mixed-signal circuits such as sample-and-hold, analog-to-digital converters, phase-locked loops 

and frequency synthesizers. These blocks provide the interface between the input / output of a 

system and digital processing parts of a SoC; 

• Voltage/current reference circuits and crystal oscillators offer stable and absolute references for 

the sample-and-hold, analog-to-digital converters, phase-locked loops and frequency 

synthesizers; 

• The last kind of analog circuits are extremely high performance digital circuits. As exemplified 

by the microprocessors custom sized as analog circuits, for achieving the highest speed and 

the lowest power consumption. 

The time required to manually implement an analog project is usually of weeks or months, which is in 

opposition to the market pressure to accelerate the release of new and high-performance ICs. To 

address all the difficulties to solve these problems, EDA is a solution increasingly strong and solid. 

This work focus on improving the efficiency of automated circuit sizing, one of the major design tasks 

for analog and RF ICs, where the sizes of the circuit’s devices are dimensioned to achieve the required 

performance figures. Optimization-based techniques using the circuit simulator to ensure accurate 

performance evaluation are the most common approach to automate this design task, with several 

commercially available solutions, e.g., Cadence’s Virtuoso GXL [4] or MunEDA’s DNO/GNO [5]. These 

commercial tools have the short-coming of formulating the circuit sizing problem as a single-objective 

optimization that evaluates towards a single solution (usually quasi-optimal) not exhibiting the flexibility 

provided by the tradeoffs between multiple objectives. 

The AIDA framework [3], appears as a solution to the abovementioned limitations of single objective 

optimization of analog circuits by implementing a multi-objective kernel. The optimization kernel of this 

framework, AIDA-C, optimizes the transistor sizes by measuring the circuit performance using corner 

analysis (by means of voltage and temperature variations) together with circuit simulators. AIDA-C focus 

on the optimization of the device’s dimensions for the target technology kit and specifications employing 

the multi-objective evolutionary algorithm non-dominated sorting genetic algorithm II (NSGA-II) [7]. To 

determine the performance of each circuit it uses, as mentioned above, a commercial circuit simulator. 

Moreover, to account at sizing time for physical implementation effects, a multi-template floorplanner, 

custom router and parasitic extraction are considered to enable layout-aware optimization. The results 

of the optimization process performed by the referred kernel are given as a set of Pareto Optimal Fronts 

(POFs) which translates to the non-dominated solutions (i.e., a feasible solution where does not exist 

another feasible solution better than the current one in some objective function without worsening other 

objective function). 
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Figure 1-2 – AIDA Framework Architecture [3]. 

In this context, this works describes an enhancement to the optimization method that improves the 

effectiveness of the optimization of analog and RF IC sizing, with an innovative combination of principal 

component analysis (PCA) [6] and the NSGA-II.  

1.1 Motivation 

Despite the trend to implement almost everything using digital circuitry, it is clear that analog circuits 

hold their share of importance, as these cannot be replaced by their digital counterparts. The differences 

of effort and time consumption spent between digital and analog circuitry design are easy to spot, putting 

an enormous pressure into the industry and academia to improve tools and methodologies to aid analog 

circuit designers to improve their productivity and reduce production costs.  

Due to the lack of automation on analog circuit sizing, designers keep exploring the solution space 

manually. In a traditional analog design, the designer defines a methodology; interact manually with the 

proper tools to achieve the project objectives, whether they are the best sizing of circuit parameters to 

meet the desired performance specifications, either to optimize the parameters for specific application 

(DC Gain, power, area, etc.), obtaining at the end a robust design. However, the search space of the 

objective function, which relates the optimization parameters and the performance specifications of the 

circuit, is characterized by a complex multidimensional and irregular space, making the manual search 

for the ideal solution difficult to achieve. 

It is in this context of this complex multidimensional and irregular space that the motivation for this work 

arises. Due to the wide scope of analog and RF circuits’ functionalities, the design parameters available 

to the designer are actually mostly related to the device’s physical design (width, length, diameter, area, 

perimeter, etc.) than to the electrical behaviour (gm, inductance, capacitance, etc.), and therefore, some 
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can be redundant for a given circuit and set of specifications. In this way, if a proper transformation is 

found, running the optimization in this transformed space, should allow the optimizer to find better 

solutions faster. 

1.2 Objectives 

This work focuses on improving the optimization kernel NSGA-II by enhancing its search space to find 

better solutions faster. The work of this thesis aims to demonstrate the advantage of applying the genetic 

operators in a more efficient way by using the insight brought by the PCA to enhance the sizing 

optimization. 

The optimization kernel’s improved performance is to be achieved by applying the genetic operators of 

mutation and crossover on a transformed design-space, obtained from the latest set of solutions (the 

parents) using PCA. By applying crossover and mutation on a variable encoding where the search 

directions are sorted by the variance found in the parents, the optimization moves more effectively in a 

twofold: (1) it can explore directions with higher variance (the controls for the current specifications); and 

(2), it can hold the low variance directions (keeping the invariables of the design) among parents. As a 

result, the optimization finds solutions with better performances in the same amount of time than 

standard optimization kernel. A further improvement is also experimented which is applying PCA with 

Whitening. The Whitening process is performed on the decorrelated data obtained by the PCA, 

assigning the same variance to all features of the new design-space, which in this case are the principal 

components of the dataset. When the optimizer operates on a transformed space that capture those 

redundancies, its performance is increased for the specific problem. 

Summarizing, the specific goals of this work are: 

• Implementation of a modified NSGA-II algorithm that uses PCA in order for the genetic operators 

of the NSGA-II be applied on a transformed design-space; 

• Test the performance of the new algorithm on: 

o Analog Integrated Circuits; 

o Standard benchmarks. 

1.3 Achievements 

The development of this work lead to the following achievements: 

• The work was integrated and validated on real circuit design problems using the state-of-the-art 

analog IC design automation environment AIDA; 

• Submission of an article based on this work to the Design, Automation and Test in Europe 

(DATE) 2017 conference. 
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1.4 Document structure 

This rest of this document is organized as follows: 

In chapter 2 a brief state-of-the-art review on the optimization techniques applied to automate the sizing 

of analog and RF ICs is presented, some feature reduction techniques previously applied in automatic 

learning are overviewed and both PCA and the NSGA-II algorithm are explained. 

In chapter 3, an overview of the AIDA framework is presented. The proposed multi-objective sizing 

optimization and the innovative contributions of this work are discussed and the implementation of the 

new algorithm is described.  

In chapter 4, the results of the NSGA-II with PCA Encoding Procedure are compared to standard NSGA-

II in the sizing optimization of an amplifier, the two-stage Miller amplifier and a voltage controlled 

oscillator. The algorithm will also be compared in terms of benchmarks to assess its validity. 

In chapter 5, the conclusions are addressed, and future work is presented. 
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2 Previous work 

In the last years, the scientific community proposed many techniques for the automation of the analog 

and RF circuit sizing. In this chapter those approaches are briefly surveyed focusing on the optimization 

techniques that are used. Some data mining methods that can be applied to extract knowledge about 

multi-objective optimization problems from the solutions generated during optimization are also 

overviewed. Then, the optimization kernel used in AIDA, NSGA-II, and the feature reduction technique 

that was implemented, PCA, are described. 

2.1 Optimization techniques applied to analog IC sizing  

The first strategy applied to early automation systems [8][9][10][11] did not use optimization, and, 

instead, tried to systematize the design by using a design plan derived from specialized knowledge. In 

this way, a design plan is built based on equations and a strategy that produce the component sizes 

that meet the performance requirements. Despite having a short execution time, deriving the design 

plan is hard and it requires constant maintenance. 

A different approach where optimization techniques were used to analog IC sizing is illustrated in Figure 

2-1. These techniques can be further classified into to two major subclasses: equation-based or 

simulation-based, depending on the method that is used to evaluate a circuit’s performance. Other 

evaluation methods like support vector machines (SVM) or artificial neural networks (ANN) can also be 

found in literature [2][12], but are normally completed with either circuit simulation or design equations.  

DESIGN SPECS

OPTIMIZATION

KERNEL

EVALUATION ENGINE

Spice SimulationsEquations SVM, ANNLayout-Aware ...

Circuit

Performances

Design

Parameters

SIZED CIRCUIT

 

Figure 2-1 – Analog IC optimization based automatic sizing [2]. 

The first approach that will be discussed, equation-based, uses analytical design equations to evaluate 

the circuit’s performance. Within this method, both deterministic and stochastic optimization processes 

are used. The design optimization program OPTIMAN [13] applies simulated annealing (SA) to analytic 

circuit models created automatically by ISAAC [14], which generates both exact and simplified analytic 

expressions, describing the circuit's behaviour. SA algorithm mimics the annealing of material under 

slow cooling to minimize the internal energy. Another example of a technique that performs simulated 

annealing as its optimization method is ASTRX/OBLX [15], a method that relies on a cost function 

defined by equations for the DC operating point and small signal Asymptotic Waveform Evaluation to 
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predict circuit performance. This evaluation technique is also used in DARWIN [16], but one key 

difference is that it uses GAs instead. Doboli et. al. [17] uses the same approach, applying genetic 

programming techniques to simultaneously get the specifications, topologies and sizing of sub-blocks. 

Note that the equation-based approach was used here at the system level, instead of the more common 

use at circuit level. Another case of this occurrence is in SD-OPT [18], in which the tool uses an equation-

based approach at the modulator level, more specifically in a sigma-delta modulator. 

In OPASYN [19] the optimization is performed using gradient descent. In similar fashion, STAIC [20] 

uses a successive solution refinement technique. While Maulik et. Al. [21][22] introduced the sequential 

quadratic programming as a way to solve the sizing problem, by defining it as a constrained nonlinear 

optimization problem using spice models and DC operating point constraints. In contrast, Matsukawa 

et. Al. [23] design optimization environments for pipelined and delta-sigma analog-to-digital converters 

(ADCs), solving via convex optimization the equations that relate the performance of the converter to 

the size of the components. 

In a different direction, GPCAD [24] uses geometrical programming to optimize a posynomial circuit 

model. Despite having reduced the sizing process to a matter of seconds with good results, it is still 

time-consuming to extract the model for new circuits. In addition, the general application of posynomial 

models is difficult and heavy in terms of computational resources. With the aim of solving the modeling 

problem, Kuo-Hsuan et. al. [25] revisited the posynomial modeling more recently, improving the 

accuracy issue by introducing an additional generation step in which local optimization is performed by 

using simulated annealing and a circuit simulator. The same strategy is applied in FASY [26][27], where 

an initial solution is obtained by solving equations and then simulation-based optimization is used to 

refine the solution. 

As the equation-based approaches’ biggest advantage is its short evaluation time, similarly to the 

knowledge-based approach, it can be described as a suitable method for first-cut designs. On the other 

hand, it is, once more, difficult to extract new models, since not all design characteristics are easily 

captured by analytic equations. Despite the advances in symbolic analysis, it is still unmanageable to 

generalize the method to different circuits. Efforts were made in this matter by introducing 

approximations in the equations, but due to this fact it produces less efficient results, requiring additional 

work to ensure that the circuit really meets the specifications especially in complex circuits. 

2.2 Simulation-based circuit sizing 

The increase in computational resources provided a tremendous advantage to simulation-based 

optimization, in comparison with the approaches outlined above. This makes it the most common 

method found in recent approaches. In simulation-based sizing, as in the case of AIDA-C, a circuit 

simulator, e.g., SPICE [28], is used to evaluate the circuit. 

Early approaches to simulation-based automatic sizing used local optimization around a “good” solution, 

where SA [29] is the most common optimization technique used. In DELIGTH.SPICE [30] the designer 

introduces a starting point from which the algorithm makes a local optimization. Kuo-Hsuan et. al. [25] 

and FASY [26][27] use simulation within a SA kernel to optimize the design. Likewise, Cheng et al. [31] 
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also use SA but consider the transistor bias conditions to constrain the problem. The sizing of transistors 

is then extracted from the bias point using electrical simulations.  

FRIDGE [32] aims for general applicability approach by using an annealing-like optimization without any 

restriction to the starting point. However, the designer introduces a range for the variables to be 

optimized for a finite search space. Castro-Lopez et al. [33] use SA followed by a deterministic method 

for fine-tuning to perform the optimization. 

Another widely used class of optimization methods is the Genetic Algorithms (GAs), which are described 

in more detail in the next subsection. Barros et. al. [2][34] presents an optimization approach that uses 

a genetic algorithm, where the populations’ evaluation was based on both support vector machines 

(SVMs) and a circuit simulator. The SVM training is based on identifying potential feasible areas and 

simultaneously searching for a global optimization. The SVMs are also used by De Bernardinis et. al. 

[12], in which the model is generated from the knowledge acquired by a set of electrical simulations. 

Alpaydin et. al. [35] use a hybridization strategy of both evolutionary and annealing optimization, where 

the circuits’ performance figures are computed using a mixture of equations and simulations. Rocha et. 

al. in [36] enhances the optimizer by adding circuit specific knowledge represented by Gradient Models, 

which are automatically extracted using machine learning techniques. The Gradient Model, is embedded 

in the implementation of the genetic operators providing an efficient pruning of the design search space, 

and, therefore, accelerating significantly the optimization process. 

Given the affinity evolutionary algorithms have with parallel implementations, in Santos-Tavares [37] 

and ANACONDA [38] the time to simulate the population was reduced by a parallel mechanism that 

shares the evaluation load among multiple computers. In ANACONDA a variation of pattern search 

algorithms is applied, a stochastic pattern search, due to the traditional use of local search methods in 

many implementations. 

Another approach to circuit sizing optimization using evolutionary methods is to simultaneously generate 

the circuit topologies’ and the devices’ size. Sripramong [39], and more recently Hongying [40] proposed 

a design methodology able to create completely innovative topologies by exploring the immense 

possibilities starting from low abstraction level. Despite the creative approach designed in these 

methods, the generated structures differ too much from the well-known analog circuit structures, which 

leads to skepticism from the designers. 

Swarm intelligence algorithms [41] are one more method that can also be found in the literature applied 

to analog circuit sizing. The key concept of these algorithms is the collective behavior of decentralized 

parts. In other words, it consists on a population of simple agents interacting locally with one another 

and with their environment, inspired by the behavior of some species in nature like ants. In [42][43] one 

of the most common swarm intelligence algorithms was applied, denominated by ant colony optimization 

(ACO). A different method can be found in [44][45][46], where particle swarm optimization (PSO) is 

performed. 
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Circuit sizing is in its essence a multi-objective multi constraint problem, with the designers balancing 

the tradeoffs among contradictory performance measures as minimizing power consumption while 

maximizing bandwidth. In this way, the usage of multi-objective optimization techniques is becoming 

more common. When considering multiple objectives, the output is not one solution, since telling that a 

solution is better than the other is not a simple matter of telling that a single performance measure is 

better. Instead, what one gets is a set of optimal design tradeoff solutions, usually referred as a Pareto 

Optimal Front (POF). The natural candidates to implement such approach are both evolutionary and 

swarm intelligence algorithms. In GENOM-POF[47][48] and MOJITO [49], the evolutionary multi-

objective methods are applied, respectively, to circuit sizing and both sizing and topology exploration, 

whereas in [46] the particle swarm optimization is explored in both single and multi-objective 

approaches. A different approach is taken by Pradhan and Vemuri in [50], where multi-objective 

simulated annealing is used. 

In some approaches, the non-dominated solutions are generated using the previously referred multi-

objective optimization methods or variations of them for the most relevant tradeoff (prior to the design 

task), and then, the suitable solution is selected from the already sized solutions, thus giving the 

designer insight into the capability of the system [55]. 

More recently, some of the most remarkable methods proposed focus on improving the reliability and 

robustness of the ICs [51][52], and others on accounting for layout inducted parasitics during the sizing 

optimization loop [53][54], for example. With some addressing general analog and RF circuit design 

[51], and others addressing sub-classes of circuits and/or components, where RF circuits, and more 

specifically, RF integrated passive devices deserve a special attention [55][56]. 

From the study of analog circuit sizing and optimization approaches proposed by the scientific 

community recently, it is clear that there is not a specific trend to a single algorithm, but many were 

experimented with. In the next section the summary of the surveyed approaches is presented.  

2.3 Optimization techniques applied to analog circuit sizing 

The analog sizing tools approaches surveyed are summarized in Table 2-1. In the equation-based 

systems the usage of classical optimization methods is possible, however, the accuracy of the models 

and the derivation of such equations strong limits applicability. This limitation of the equation-based 

systems is overcome at the expense of evaluation time by using accurate circuit simulation to evaluate 

the performance figures being optimized. 

By using the circuit simulator methods that take advantage of some properties of the models, quadric or 

geometric programming cannot be used, leading, as seen, to the usage of stochastic heuristic 

optimization techniques. From the approaches that were surveyed the most common stochastic 

algorithms were based on SA and genetic/evolutionary approaches. 
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Table 2-1 - Summary of analog IC design automation tools for sizing and optimization. 

Tool/Author/Year 
Design Plan/ 

Optimization Method 
Evaluation 

ANACONDA [38] 2000 Stochastic pattern search Simulator 

Sripramong [39] 2002 GA Simulator 

Alpaydin [35] 2003 Evolutionary strategies + SA Fuzzy + NN trained with Simulator 

Barros [34] 2006 GA Simulator 

Castro-Lopez [33] 2008 SA + Powels method Simulator 

Santos-Tavares [37] 2008 GA Simulator 

MOJITO [49] 2009 NSGA-II Simulator 

Pradhan [50] 2009 Multi-Objective SA Layout aware MNA models 

Matsukawa [23] 2009 Convex Optimization Convex functions 

Cheng [31] 2009 SA Equations 

Hongying [40] 2010 GA with VDE Simulator 

Fakhfakh[46] 2010 Multi-objective PSO Equations 

Kuo-Hsuan [25] 2011 
Convex optimization 

Stochastic Fine Tuning 

Posynomial 

Simulator 

Kamisetty et al.[44] 2011 PSO Equation 

Fernandez and Gielen [52] 2011 ORDE Equations and Simulator 

Benhala et al.[43] 2012 ACO Equation 

Rocha et al. [36] 2012 NSGA-II Simulator 

Gupta & Gosh[42] 2012 ACO Simulator 

Kumar & Duraiswamy [45] 2012 PSO Simulator 

Genom-POF [47][48] 2012 NSGA-II Simulator 

AIDA [53] 2015 NSGA-II; MOPSO; MOSA Simulator 

Afacan & Dündar [54] 2016 Evolutionary strategies + SA Equations and Simulator 

González-Echevarría, et 
al. [55] 

2017 NSGA-II Simulator 

Canelas et. al. [51] 2017 NSGA-II Simulator 

 

Evolutionary algorithms are widely used in analog IC sizing optimization problems. These algorithms 

are known to often perform well on approximating solutions to all types of problems because of its core 

feature of ideally not making any assumption about the underlying fitness landscape. The most popular 

type of EAs are the GAs. Evolutionary optimization and, particularly, the NSGA-II kernel, is widely used 

in many fields of application, including EDA, showing excellent performance and robustness. As such, 

the methods proposed in this work will focus on NSGA-II, which is also the most effective of the methods 

implemented on the AIDA framework [56].  
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2.4 NSGA-II kernel 

The NSGA-II [7] kernel is an evolutionary optimization scheme. As many others GA’s, it is inspired by 

the process of natural selection and relies on bio-inspired operators such as mutation, crossover and 

selection. It operates over a population of candidate solutions to an optimization problem and evolves 

this population toward better solutions. 

The evolution starts from a population of randomly generated individuals. It is an iterative process, and 

in each iteration (called a generation) new solution vectors are obtained from the current population by 

the application of the genetic operators of mutation and crossover. The crossover operation consists on 

a pair of parents being selected for breeding. It combines randomly selected sets of information from 

each of the parents to produce a new “child” solution. The mutation is a random change in an individual’s 

genetic information in order to escape from local minima; the mutation operator introduces new 

information in the chromosome whereas the crossover selected the best pieces of the information 

present in the population genetic information.  

After generating the offspring, they are ranked together with the parents by evaluating their fitness. The 

fitness function is defined over the genetic representation and measures the quality of the represented 

solution. At the end of each generation the fittest individuals are selected as the new parents, and the 

less fit discarded. The process is repeated for as many generations as needed until the convergence 

toward an optimal solution or ending criterion is reached, as summarized in Figure 2-2. 

To implement a typical genetic algorithm, one must first define a genetic representation of the solution 

domain, which translates to defining the genotype and phenotype of the solutions. The genotype is the 

set of properties that characterize an individual of the population, a phenotype. The set of the ranges of 

each genotype defines the search space. The genotype must also insure that all points in the feasible 

space can be represented. 

In the particular case of the NSGA-II, the algorithm pseudo code is shown in Algorithm 1. The NSGA-II 

uses Pareto dominance concepts to sort the multi-objective solutions. 
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Figure 2-2 – NSGA-II Evolutionary optimization overview. 

 

Algorithm 1 NSGA-II Procedure 

1. Set t=0. create a random population R0 of size 2N. 

2. Evaluate the initial population, R0. 

3. Using the fast non-dominated sorting algorithm, identify the non-dominated fronts F1, F2, …, Fkin Rt. 

4. For i=1,…,k do: 

5.  Calculate crowding distance of the solutions in Fi. 

6.  Create Pt+1 as follows: 

  If ∣Pt+1∣+∣Fi∣⩽N, then set Pt+1=Pt+1∪Fi; 

  If ∣Pt+1∣+∣Fi∣>N, then add the least crowded N-∣Pt+1∣ solutions from Fi to Pt+1. 

7. If the stopping criterion is satisfied, stop and return F1. 

8. Use binary tournament selection based on the crowding distance to select parents from Pt+1. 

9. Apply crossover and mutation to Pt+1 to create offspring population Qt+1 of size N. 

10. Evaluate offspring population Qt. 

11. Set Rt+1=Pt+1∪Qt+1 

12. Set t=t+1, and go to 3. 

 

The Pareto dominance is implemented by means of ranking solutions using non-dominated sorting, 

Algorithm 2, and crowding distance criterion, Algorithm 3, as a tie breaker for solutions with the same 

rank. The rank process is iterative making rank 1 elements the ones that are not dominated by any 

other, these elements are removed from the pool of elements being sorted and the process is repeated 
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for the next rank until there are no more elements in the poll to be sorted, algorithm 2 illustrates this 

procedure. The elements with lower rank dominate the ones with higher rank.  

Algorithm 2 Non-dominated sorting procedure for a population P of size N 

1. Set F1=Ø and i=1 

2. While P is not empty 

3.   For j=1,…,|P| do: 

4.     For k=1,…,|P| and j!=k, do: 

5.       if P[j] is dominated by P[k] then continue loop in j. 

6.     Fi = Fi+{P[j]} 

7.   Remove Fi from P 

8.   set i=i+1 and go to 2 

 

This cubic approach to compute the rank of the elements in the population was introduced to clearly 

describe the non-dominated sorting. However, in practice, the fast-non-dominated sorting algorithm 

described in [7] is used.  

It first computes the dominance between all solutions by calculating two entities: the domination count 

𝑛𝑝, the number of solutions which dominate the solution 𝑝, and 𝑆𝑝, a set of solutions that the solution 𝑝 

dominates. Using this information, all the solutions that are not dominated (𝑛𝑝 = 0) are assigned to the 

first nondominated front (rank 1 solutions). Now, for each of these solutions we visit each member 𝑞 of 

its set 𝑆𝑝 and reduce its domination count by one. In doing so, if for any member 𝑞 the domination count 

becomes zero, we put it in a separate set 𝑄. The solutions of the set 𝑄 belong now to the second 

nondominated front.  

The process is repeated for rank 2, and successively until the elements pool is empty, leading to a 

quadratic algorithm. It is important to note that the storage requirement has increased using this method. 

To solve ties between elements of the same rank, the crowding distance criterion is used. The crowding 

distance is an estimate of the density of elements. Each element within the same rank is assigned a 

value that is related to the distance to the closer elements. The next Figure illustrates the four ranking 

fronts and the crowding distance of the solution B in a problem with two objectives. 
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Figure 2-3 - Fronts for multiple ranks, and crowding distance for solution [3]. 
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The crowding distance of the elements in a front is computed by iterating in the M objective functions, 

sorting the elements using each objective, and, for each element accumulating the normalized value of 

the distance between the elements before and after in the ordered set. The boundary elements (element 

with smaller and higher value of each objective) are assigned with infinite value of crowding distance. 

The pseudo code of crowding distance computation is shown in Algorithm 3. 

Algorithm 3 Crowding distance computation of front FT of size N in a problem with M objectives 

1. For i=1,…,N do: FT[i].cd=0  //initialize crowding distance to 0 

2. For m=1,…,M do:                     

3.   S = FT sorted ascending using the objective function f[m] 

4.   S[1].cd = S[N].cd = ∞ 

5.   For i=2,…,N-1 do: 

6.     S[1].cd+=(S[i+1].f[m] - S[i-1].f[m])/(S[N].f[m] - S[1].f[m])  

 

2.5 Feature reduction techniques 

Nowadays most of the optimization problems dealt with in the real world are multi-objective optimization 

problems, and, with the rise of the number of this kind of problems also comes the evolution of the study 

of methods to interpret the obtained solutions. It is vital for the decision maker to be able to extract 

knowledge in best way possible from the generated solutions during optimization, therefore, there has 

been a lot of research and development in the area of data mining methods, such as feature reduction 

techniques. 

As the design parameters for the devices provided in the PDK by the foundries are in general for all 

kinds of circuits and specifications, it can be expected some redundancy or correlation of the design 

variables for a specific application and target specifications. Therefore, feature reduction techniques 

commonly used in data science, are a powerful tool to exploit this fact, drastically increasing the 

optimization performance [57]. The simplest and more commonly used dimensionality reduction 

technique is PCA [6], which finds a linear orthogonal projection for the data that captures variance 

maximally. In other works, the method was originally to assist decision makers in the visualization of the 

design variables [58][59], and more recently, has been integrated in optimizers to reduce the number of 

objectives considered [60][61].  

Linear Discriminant Analysis [62] and Proper orthogonal decomposition [63] also aim at finding a low- 

dimensional representation of the data, and like PCA, also work better for datasets containing linearly 

correlated variables. In [63], proper orthogonal decomposition has been used to extract design 

knowledge from the Pareto-optimal solutions of an airfoil shape optimization problem. 

Multidimensional scaling [64] refers to a group of linear mapping methods that retain the pairwise 

distance relations between the solutions by minimizing a certain cost function. Sammon mapping refers 

to the nonlinear version of MDS [65][66][67]. Another variant of Sammon mapping, Isomaps [68], uses 

the geodesic distances instead of Euclidean distances along an assumed manifold.  

A technique similar to Isomaps in the sense that uses a graph representation of the data points is Locally 

Linear Embedding [69]. With this method, all points are represented as a linear combination of their 



 

16 
 

nearest neighbors, since it only attempts to preserve local data structure. Self-Organizing Maps (SOMs) 

[70] can also provide a graphical and qualitative way of extracting knowledge by serving as a powerful 

cluster analysis tool for high-dimensional data, when combined with clustering algorithms, such as 

hierarchical clustering, to reveal clusters of similar design solutions. It acts by projecting both the 

objective and decision spaces onto a 2D space. 

In this work, PCA is considered to be studied within the analog IC sizing automation problem. PCA is a 

dimensionality-reduction technique used to emphasize variation and bring out strong patterns and 

correlation between variables in a dataset. It is often useful to measure data in terms of its principal 

components rather than on a normal x-y axis. So, we project the data onto the principal components of 

the dataset, which are the underlying structure in the data. They are the directions where there is the 

most variance, the directions where the data is most spread out. 

The powerful statistical method of PCA will now be discussed using linear algebra. Suppose we take n 

individuals, and on each of them we measure the same m variables. We can say that we have n samples 

of m-dimensional data. For the ith individual, let us record the m measurements as a vector 𝑥𝑖⃗⃗⃗   belonging 

to ℝ𝑛. In order to perform PCA we must first center the data so that its mean is zero. We can then store 

the mean of all m variables as a vector 𝜇 =  
1

𝑛
(𝑥1⃗⃗  ⃗ + ⋯+ 𝑥𝑛⃗⃗⃗⃗ ) in ℝ𝑚 and afterwards subtract it to each 

sample vector 𝑥𝑖⃗⃗⃗   , forming the matrix 𝐵𝑛∗𝑚 of the centered data.  

Let us define now the covariance matrix 𝑆𝑚∗𝑚 = 
1

𝑛−1
𝐵𝐵𝑇 . After computing the covariance matrix, we 

must find its eigenvectors, which form the matrix V, and its eigenvalues, which form the diagonal matrix 

D, that satisfy the condition 𝑉−1𝑆𝑉 = 𝐷.  

Let us define each of the eigenvalues sorted by decreasing order by 𝜆𝑖, the eigenvectors also sorted by 

decreasing order by 𝑣𝑖, with 𝑖 = 1,… ,𝑚, and the total variance of the variables by 𝑇 = 𝜆1 + ⋯+ 𝜆𝑚. 

Now, to find the principal directions of the dataset we just need to sort the columns of V and D in order 

of decreasing eigenvalue, being the first column of V the first principal direction with an associated 

variance of 𝜆1 𝑇⁄ , the second column of V the second principal direction with an associated variance of 

𝜆2 𝑇⁄  and so on. Note that the first principal direction accounts for the most “significant” direction of the 

dataset and the second one points to the most “significant” direction discarding the direction already 

taken by the first. Therefore, the PCA technique creates a new orthogonal basis for the dataset, the 

eigenvectors given by V, in which each of the columns gives the direction that holds the most variance 

of the dataset by decreasing order of the respective eigenvalues.  

Having the principal directions of the dataset it would be interesting to project the samples of our dataset 

onto the eigenvectors that correspond to the principal directions. These projections are called the 

principal components and are defined by 𝑦𝑖 = 𝑏𝑖 . 𝑣𝑖, being 𝑏𝑖 one entry of the B matrix, i.e., a centered 

sample. This is the core part of the dimensionality reduction of the PCA technique, because now it is a 

matter of choosing the number of principal components one wants to use to represent the data based 

on some criteria as the amount of variance held by the principal components. Finally, the reconstruction 
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of the data from the lower-dimensional space to the original space is given by 𝑥_𝑟𝑒𝑐𝑖 = ∑ 𝑦𝑘𝑣𝑘𝑘 + 𝜇, 

being k the number of principal components used. 

The pseudo code of PCA is shown in Algorithm 4: 

Algorithm 4 PCA dimensionality reduction procedure 

input: X[P][N] //data 

          P //number of samples 

          N //sample size 

          K //number of principal components to retain 

output: Y[P][K]  

1. 

2. 

 

3. 

 

 

4. 

5. 

6. 

#define B := X – µ    //centering data 

#define S :=      //co-variance matrix 

#define [V , Λ] := eigenanalysis(BTB) // BTB =VΛVT ,  

      // where V is a unitary matrix with the orthonormal eigenvectors as 

      // columns and Λ is the diag. matrix with the corresponding eigenvalues 

    sort-columns(V, “descending order” of d) 

    truncate(V, K) 

    return Y[P][K]:= BV 

 

In order to understand, in an illustrative way, how PCA affects a dataset, a simple example is shown. 

PCA will be applied to the 2D dataset shown in Figure 2-4. The data was generated by a 2D multivariate 

normal distribution with mean 𝜇 = [
2
3
] and covariance 𝜎 = [

1 1.5
1.5 3

]. 

 

Figure 2-4 - Data generated by 2D multivariate normal distribution. 

In this example, the values of the mean and of the covariance matrix are known beforehand, but for the 

sake of the example let’s assume they are not known. The next step is to calculate the mean and 

subtract it to each sample. With the centered data, the covariance matrix of the samples can be obtained 

and its eigenvectors and eigenvalues determined. The principal directions of the data are found by 

sorting the eigenvectors by decreasing order of eigenvalues, which is shown in green in Figure 2-5, and 

the second principal direction, which is shown in red. 
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Figure 2-5 - Centered data with principal directions 

Note that the arrows of the principal directions are scaled to the amount of variance they hold. It is clear 

that the first principal direction holds much more variance than the second. The values obtained for this 

exercise were of 𝜆1 𝑇 = 0.9635⁄  and 𝜆2 𝑇 = 0.⁄ 0365, with 𝑇 =  𝜆1 + 𝜆2 being the total variance. In the 

Figure 2-6, it is shown the transformed data to the new coordinates, which translates to a rotation of the 

data so that the new axes are aligned with the principal directions. In doing so the data is decorrelated. 

 

Figure 2-6 - Decorrelated data 

In the next step, shown in Figure 2-7, we are going to project all data onto the first principal direction by 

discarding the rest of the variables (only 1 variable discarded in this case). 
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Figure 2-7 - Projection of data onto first principal direction 

Finally, the data can be reconstructed using only one principal component. Figure 2-8 shows how the 

newly reconstructed data looks.  

 

Figure 2-8 - Reconstructed data using the first principal component 

2.6 Conclusions 

In this chapter a survey of techniques and approaches to the automation of analog IC sizing were 

presented. The different approaches were classified in terms of the techniques used and the most 

significant aspects observed were the optimization method and the evaluation method. In this survey 

several works were presented and analyzed to better understand their advantages, and, drawbacks that 

can be improved in the future. It was also possible to identify that evolutionary optimization is widely 

considered in this domain. On the downside, in a time were machine learning and data science is 
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increasingly more present, there are very few work in this area make use of this powerful tools. 

Therefore, in this work, PCA will be used to improve the NSGA-II kernel of AIDA-C so that further 

improvements to the automation of analog circuits design, namely in the circuit sizing and optimization, 

can be achieved more efficiently.  
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3 Integration of PCA on the AIDA framework 

This chapter start with a brief introduction to the AIDA framework, describing more in detail the AIDA-C 

tool. It is then described the integration of the PCA technique to the evolutionary algorithm NSGA-II, 

resulting in the algorithm proposed in this work. The implementation of the algorithm in JAVA language 

is also outlined. 

3.1 AIDA framework 

AIDA framework [71], whose architecture is shown in Figure 3-1, stems from the integration of the circuit 

sizing optimization tool AIDA-C [3] and the layout generator tool AIDA-L [3], implementing a fully 

automatic approach from a circuit level specification to a physical layout description. AIDA-C, where this 

work is focused, is a simulation-based circuit optimizer that uses commercial circuit simulators such as 

Cadence Spectre®, Mentor Graphics™ ELDO, or Synopsys® HSPICE® to guarantee an accurate 

estimates of circuit performance during evaluation. It also addresses robust design requirements 

through worst case PVT corners and yield optimization [51]. AIDA-L is a full custom layout generator 

that enables layout-aware circuit optimization in the framework. While extremely relevant from the IC 

design standpoint, worst case PVT corners and yield optimization, layout generation and layout-aware 

optimization features just mentioned are not in the scope of this work. Albeit, the proposed methodology 

should be independent of the method used to evaluate the circuit’s performance. 
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Figure 3-1 - AIDA framework overview [3]. 

3.2 AIDA-C Structure  

The structure of AIDA-C, shown in Figure 3-2, is divided into two major building blocks: Setup & 

Monitoring and the Circuit Optimizer. Where Setup & Monitoring blocks help the designer complete the 

tools’ setup and also creates an abstraction layer to ease the usage of the optimizer which allows the 

designer to intervene in the process, for example, by stopping the synthesis process whenever an 

acceptable solution is already found. 
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The optimizer module is the main processing block and targets the sizing problem with multi-objective 

optimization, this module also handles robust design requirements by worst case corner conditions and 

yield optimization, and the interface with external circuit’s simulators. AIDA-L can be used to partially or 

completely generate the target layout, allowing the optimizer to account for either fast and accurate 

parasitic estimations.  

OUTPUTS

 Sized 
Circuits 

POF

Analog IC Design Automation - Circuit Level Synthesis

DESIGN

Layout-guides

AIDA-AMG

Analog Module 
Generator

DESIGN KIT

Device Models
Design Rules

SIMULATOR

SPECTRE®
HSPICE® 
ELDO®

 

AIDA-L

Layout 
Generation

Netlist

Specifications

Graphical User InterfaceSetup 

Assistant

Vov=VGS-Vth

ΔSAT=VDS-VDSAT

Constraints 
& Measures:

Variables:
W, L, NFin ger

Draft:

Layout-guides

AIDA design setup

IGate, ISource, IDrain

Ranges, Objectives, Constraints
Monitor execution

Setup & Monitoring

Optimizer

Gradient 
Model 

W12

(+ )GBW,(+ )

W34

(+ )

L12 L34 Ib

A0,(-) (+ ) (+ )

Rules:

Parameters: c = 0.03

Objective: max(GBW)

Sampling

FACTORIAL
FRACTIONAL FACTORIAL

LATIN HYPERCUBE

NSGA-II

MOSA

MOPSO

Optimization 

Kernel
Evaluation

Variability:
TYPICAL

CORNERS

Layout:
GEOMETRIC

PARASITIC

 

Figure 3-2 - AIDA-C Structure. [3] (Figure 1.2 repeated here for convenience). 

AIDA-C receives as inputs the circuit netlist properly parameterized and testbenches with the statements 

to measure the circuit’s performance. These files provide the circuit description, the definition of the 

variables for optimization and the objectives and constraints of the design. The design variables of the 

circuit netlist take into consideration what are the values that the optimizer may change, which, usually, 

are defined as the sizes of the devices. Having this information, the sizing of the circuit is modeled as 

an optimization problem to be optimized by the multi-objective optimization kernel. It’s in this process 

that this work intervenes, by enhancing the search-space in such a way that the algorithm is able to 

explore new solutions in a more intelligent way. The introduced featured is expected to return better 

solutions. 

The multi-objective optimization kernel of AIDA-C was designed to solve a general multi-objective, multi-

constraint optimization problem with the following formulation: 
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where 𝑥 is a vector of 𝑁 optimization variables, 𝑔𝑗(𝑥) is the constraints set and 𝑓𝑚(𝑥) represents the 𝑚 

objective functions. Despite AIDA’s optimizer implementing multiple optimization algorithms, NSGA-II 

proved to be the most effective and is the only one considered in this work. However, the proposed 

methods, which is describes in the next sections of this chapter could be applied to any of the other 

optimization algorithms implements in AIDA.  

Due to the multi-objective nature of analog circuit optimization, instead of having a single solution has 

output, the circuit optimizer displays the results as a set of Pareto Non-Dominated Solutions. AIDA-C’s 

output is a family of Pareto optimal circuits that are feasible, meaning they comply with all the constraints, 

and represent the tradeoffs between the different optimization objectives. These are the results that will 

be analyzed to evaluate the performance of the novel algorithm proposed in this work in comparison 

with the standard evolutionary algorithm NSGA-II. 

3.3 NSGA-II with PCA Encoding Procedure 

In this work an innovative combination of PCA and evolutionary computation, more specifically NSGA-

II, is proposed to improve the optimization process efficiency. The optimization kernel’s improved 

performance is achieved by applying the genetic operators of mutation and crossover on a transformed 

the design-space, obtained from the latest set of solutions (the parents) using PCA, as shown in Figure 

3-3. By applying crossover and mutation on a variable encoding where the search directions are sorted 

by the variance found in the parents, the optimization moves more effectively in a twofold: (1) it can 

explore directions with higher variance (the controls for the current specifications); and (2), it can hold 

the low variance directions (keeping the invariables of the design) among parents. As a result, the 

optimization finds solutions with better performances in the same amount of time than standard 

optimization kernel.  
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Figure 3-3 - AIDA-C optimizer with enhanced genetic operators. 

The underline idea to why the transformed space allows the optimizer to find better solutions faster 

relates to the fact that due to the wide scope of analog and RF circuits’ functionalities, the design 

parameters available to the designer are actually mostly related to the device’s physical design (width, 

length, diameter, area, perimeter, etc.) than to the electrical behaviour (gm, inductance, capacitance, 

etc.), and therefore, some can be redundant for a given circuit and set of specifications. When the 
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optimizer operates on a transformed space that capture those redundancies, its performance is 

increased for the particular problem. 

To implement the system, a genetic representation of the solution domain, i.e., the genotype and 

phenotype of the solutions, must be defined. In analog and RF IC sizing the common approach is to use 

the devices’ sizes to encode genotype, as they define the design space and are suitable for the 

parameterizations needed for the circuit simulator, which is later used to obtain the circuits’ “traits”, i.e., 

the phenotype. However, this encoding of the solution space does not exploit any of the relationships 

from the devices’ parameters that are derived from their physical implementation when mapped to the 

electrical properties, e.g., gm, capacitance, inductance, etc. Neither it explores how some devices’ 

parameters are more relevant towards some performances figures only, as designers tend to do 

manually. Moreover, while it ensures that all points in the feasible space can be represented, it usually 

define a search space that is mostly unfeasible. The proposed approach is schematized in the next 

figure: 

Child 1

Child 2

ParentsI

Xi   N 

Offspring-nsgaI

Child 2

Child 1

Child P

. . .

P
C

A

Parent 1

Parent 2

Parent P

. . .

Rot-parentsI

Yi   N-C 

Offspring-pca
I

Child P

. . .

YOi   N-C 

Child 2

Child 1

Parent 1

Parent 2

Parent P

. . .

P
C

A
-1

Offspring-pcaI

. . .

Child P

Child P(1-U)+1

Child 1

Child P(1-U)

. . .

XOi   N 

. . .

Child P

C
o
m

b
in

e 
an

d
 S

o
rt

Child 2

Child 3

Child P

. . .

Parent 1

Parent 3

Parent P

. . .

Parent 2

Parent P

. . .

Parent 1

S
el

e
ct

io
n

ParentsI+1

C
ro

ss
o
v
e
r

M
u
ta

ti
o
n

C
ro

ss
o
v
e

r

M
u
ta

ti
o
n

OffspringI

M
er

g
e

Generation I

. . .
Generation I+1

. . .

P
C

A

 

Figure 3-4 - Overview of the proposed NSGA-II based optimization. 

For the new algorithm, we are going to perform PCA before generating the offspring with the genetic 

operators of crossover and mutation so that we can take advantage of the powerful insight brought by 

PCA. This way we can apply the genetic operators on the reduced-space created and try to search for 

better solutions on the variables that hold the most variance of the data. Encoding the data in such way 

emphasizes both the directions of higher variability, to help the optimizer explore the solution space 

faster, and, the directions of invariability, helping the optimizer to hold the problem’s invariants and 

consequently increasing the feasibility rate of offspring after crossover. After generating new solutions 

from the parents in this new reduced-space we reconstruct them back to the original space so that all 

the solutions can be evaluated according to their fitness. 

Due to the diverse nature of the data that will be used in this work, it is essential for the algorithm to run 

properly to normalize our data. If the data is not normalized, then the variables which account measures 

of a lower scale compared to other variables will not carry any weight on the process of finding the 

principal directions. So, we need to make sure that each one of the variables is normalized in order to 

remove the effect of the scale of the units used to represent a measurement. By doing so, there is one 

more process involved when reconstructing the data back to the original space: denormalizing the data 

to its original ranges. The ranges used in the normalization process carry a lot of impact on the 

performance the algorithm and so it will be discussed further in the chapter. 
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The parents’ data matrix, 𝑋, is a 𝑃 × 𝑁 matrix with the rows being each parent design variables. The 

centered data matrix 𝐵 from algorithm 4 is now also normalized as explained before, and so is redefined 

as: 

)'(' XXB   

with    1min'  RXeXX  

and      1
minmax


 XXdiagR  

where min() and max() of a matrix (n×m) return a row-vector (1×m), with the minimum and maximum 

value of each of the matrix’s columns respectively, and e = (1,…,1)T a column-vector (n×1) filled with 

ones. 

With the insertion of the process of normalizing the data a new problem arises since we divide each 

variable of each sample by the interval of the range of that same variable. It can happen that the 

algorithm reaches a local minimum and assigns the same value of a variable to all the individuals of the 

population, making the range interval equal to zero which would crash the algorithm by dividing samples’ 

variables by zero. To avoid these situations, a simple and creative solution was designed that consists 

of relieving these non-existing ranges of some variable 𝑖 to the ranges defined in the original 

optimization, designated by 𝑥𝑖
𝐿 and 𝑥𝑖

𝑈. The eigenvalues and eigenvectors are obtained as in Algorithm 

1, and, the parents transformed to the PC space also as in Algorithm 1. As the simulated binary 

crossover [72] and polynomial mutation [73] operators require variable ranges to operate, the range of 

the variables in the transformed space is determined by the L1-norm of the corresponding base vector 

according to: 
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To allow the genetic operators to search outside the confined space set by these ranges, the range is 

enlarged by a factor d, updating the interval to its final value given by 

𝑦𝑖
𝑈 = (1 + 𝑑) × 𝑦𝑖

𝑈 

𝑦𝑖
𝐿 = −𝑦𝑖

𝑈 

Because the matrix V, the eigenvectors of the variance-covariance matrix, obtained from the singular 

value decomposition (SVD) of B, is unitary and real, the inverse transformation is obtaining simply by 

transposing V. Therefore, the transformation of the offspring from the transformed space to the original 

space is given by: 

   XeRXVYX T

OO min)'(  
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where YO, is the P × K matrix with each row representing a child in the PC space, and XO, is the P × N 

matrix of the reconstructed offspring back to the original space.  

The proposed scheme is summarized in Algorithm 5. 

Algorithm 5 NSGA-II with PCA Encoding Procedure 

input: P //population size 

          G //number of generations 

          C //removed components 

          U //PCA use rate 

          xL, xU //up and lower bounds for the variables 

output: List<sizing> parents 

1. 

2. 

3. 

4. 

5. 

6. 

7. 

8. 

9. 

10. 

 

11. 

12. 

13. 

 

 

14. 

15. 

 

16. 

17. 

18. 

#define List<sizing> parents := New P random sizing solutions 

generation:= 0 

while generation < G 

   #define X[P][N] := listToMatrix (parents)  

   #define X’[P][N] := normalize (X) // eq. (3) and (4) 

   #define [Y[P][N-C],V[N][N-C]] := PCA(X’)  

   #define [yL, yU] := ranges(V) // eq. (5) 

   #define List<sizing> rot-parents := matrixToList(Y)  

   #define List<sizing> offspring-nsga := genetic-operators(parents, xL, xU) 

   #define List<sizing> offspring-pca := genetic-operators(rot-parents, yL, yU) 

       //transform back to the design space 

   #define YO[P][N-C] := listToMatrix(offspring-pca)  

   #define XO[P][N] := reconstruct (YO) //eq.(6) 

   offspring-pca := matrixToList(XO) 

      //merge the population randomly selecting (in average) U*P  

      // elements from Offspring-pca and (1-U)*P from Offspring-nsga 

   #define List<sizing> offspring := merge(U, offspring-pca, offspring-nsga) 

   offspring = Evaluate(offspring) // using the circuit simulator 

     // Non-Dominated-Sorting and Crowding-Distance-Selection  

   parents := Selection(Parents & Offspring) 

   generation++ 

end while  

 

3.4 PCA Whitening 

To further increase the decorrelation between variables and with the aim to study one more alternative 

to enhance the search-space of the NSGA-II, PCA whitening was considered. A whitening 

transformation is a transformation that consists on transforming a vector of random variables with a 

known covariance matrix into a set of new variables whose covariance is the identity matrix, meaning 

that they are uncorrelated and each have variance 1 [74]. By applying this additional process on the 

previous algorithm, the variance of all the features are the same. In this way, features with less variance 

will be more spread out in the search space, giving more chance to the algorithm for these directions to 

be explored. 

Using the previous example to demonstrate visually what is the effect of PCA whitening on the data.  

Figure 3-5 shows the additional step of whitening that is performed after the decorrelation step present 

in Figure 2-6, and it is easy to see that both features have the same variance: 
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Figure 3-5 - PCA Whitening. 

To make each one of the input variables, the rotated and centered data must simply be rescaled by a 

factor of 1 √𝜆𝑖⁄ . Concretely, let us define the rotated and centered data as 𝑋𝑟𝑜𝑡, with 𝑥𝑟𝑜𝑡,𝑖 each one of 

the 𝑖 = 0,⋯ ,𝑚 columns that refer to the 𝑚 variables of the data. Then, we define each of the columns 

of the whitened data as: 

𝑥𝑃𝐶𝐴𝑤ℎ𝑖𝑡𝑒,𝑖 = 
𝑥𝑟𝑜𝑡,𝑖

√𝜆𝑖

 

By using this value to rescale each sample, the covariance matrix of the dataset will be the Identity 

matrix, meaning all features will have variance 1. 

In order to take advantage of the whitening technique, a slight change to the algorithm was also 

implemented, to explore the impact of whitening in the optimization results. In this variant, instead of 

using the L1 norm with additional 10% value to normalize the ranges, the ranges were normalized to 3 

and -3, since the variance of the features is equal to 1. 

This value 3 stems from the three-sigma rule, which states that that a minimum of 89% of values must 

lie within three standard deviations of the mean. This result comes from the Chebyshev's inequality [75]. 

In practical usage, in contrast to the 68–95–99.7 rule, which applies to normal distributions, Chebyshev's 

inequality is weaker, but still holds a lot of information. 
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3.5 JAVA Implementation 

In the following section, the Java implementation of the proposed algorithm will be described. The 

algorithm was integrated into the already existing AIDA framework, and, as such, the description of the 

classes and methods used from the framework are not presented as they are too extensive and out of 

the scope of this work. 

To perform PCA the PrincipalComponentAnalysis.java from the Efficient Java Matrix Library (EJML) [76] 

was used as a starting point, and the needed modifications were made to integrate the tool in the existing 

framework. The class begins with the declaration of the necessary variables. The variables have a pretty 

self-explanatory designation, but a brief comment is added to them. The declaration can be seen in 

Figure 3-6: 

public class PrincipalComponentAnalysis { 
 
    private DenseMatrix64F V_t;  // principal component subspace is stored in the rows 
 
    private int numComponents;  // how many principal components are used  
 
    private DenseMatrix64F A = new DenseMatrix64F(1,1);  // where the data is stored 
    private int sampleIndex; 
 
    double mean[];  // mean values of each element across all the samples 
        
    double[] eigValuesw;   // eigenvalues of covariance matrix 
     
    double[] minValues;      //min and max values 
    double[] maxValues; 
 
    double[] defaultMinValues;  //default min and max values, used to update range 
    double[] defaultMaxValues; 

Figure 3-6 – Variables declaration. 

Following the variables declaration, a new constructor was provided for this class and a few simple 

methods are defined, as seen in Figure 3-7. 

    //new provided constructor 
    public PrincipalComponentAnalysis(double[] defaultMax, double[] defaultMin) { 
    defaultMaxValues = defaultMax; 
    defaultMinValues = defaultMin; 
    } 
 // getting the maximum value 
    public double getMaxValue(double[] array) { 
        double maxValue = array[0]; 
        for (int i = 1; i < array.length; i++) { 
            if (array[i] > maxValue) { maxValue = array[i]; } 
        } 
        return maxValue; } 
    // getting the minimum value 
    public double getMinValue(double[] array) { 
        double minValue = array[0]; 
        for (int i = 1; i < array.length; i++) { 
            if (array[i] < minValue) { minValue = array[i]; } 
        } 
        return minValue;  } 
    //normalizes array to the interval [0.1;0.9] to avoid computational erros 
    public double[] normalizeArray(double[] array, double max, double min) { 
        for (int i = 0; i < array.length; i++) { 
     array[i]=((array[i]-min)/(max-min))*0.8+0.1;  
        } 
         return array;  } 

    Figure 3-7 - Constructor and simple methods. 
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In order to perform PCA on a given dataset with this class, one should always call the methods setup 

and addSample, in that order. The first method creates the matrix which will hold the data and initializes 

the necessary arrays. It has two input arguments, numSamples, referring to the number of samples of 

the dataset, and sampleSize, that refers to the number of features of a given sample. The second 

method is used to add each one of the samples to internal data structure created by the first method. 

These methods can be seen in Figure 3-8. 

  /** 
     * Must be called before any other functions. Declares and sets up internal data structures. 
     * 
     * @param numSamples Number of samples that will be processed. 
     * @param sampleSize Number of elements in each sample. 
     */ 
    public void setup( int numSamples , int sampleSize ) { 
        mean = new double[ sampleSize ]; 
        minValues = new double[ sampleSize ]; 
        maxValues = new double[ sampleSize ]; 
        A.reshape(numSamples,sampleSize,false); 
        sampleIndex = 0; 
        numComponents = -1; 
    } 
    /** 
     * Adds a new sample of the raw data to internal data structure for later processing.  All the samples 
     * must be added before computeBasis is called. 
     * 
     * @param sampleData Sample from original raw data. 
     */ 
    public void addSample( double[] sampleData ) { 
        if( A.getNumCols() != sampleData.length ) 
            throw new IllegalArgumentException("Unexpected sample size"); 
        if( sampleIndex >= A.getNumRows() ) 
            throw new IllegalArgumentException("Too many samples"); 
 
        for( int i = 0; i < sampleData.length; i++ ) { 
            A.set(sampleIndex,i,sampleData[i]); 
        } 
        sampleIndex++; 
    } 

    Figure 3-8 – setup and addSample methods. 

The next method that should be called is computeBasis. This is the method responsible for finding the 

principal components, being its number defined by the user by the input parameter numComponents. It 

first normalizes all the variables to the same range and then centers the data, an essential step to 

perform PCA. The EJML already contains a class to perform Singular Value Decomposition (SVD), 

making the calculation of the eigenvectors and eigenvalues of the data possible. After sorting the 

eigenvectors by order of decreasing corresponding eigenvalues, it gets rid of any unneeded 

components, based on the number of components desired. The described method is shown in Figure 

3-9. 
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   /** 
     * Computes a basis (the principal components) from the most dominant eigenvectors. 
     * 
     * @param numComponents Number of vectors it will use to describe the data.  Typically much 
     * smaller than the number of elements in the input vector. 
     */ 
    public void computeBasis( int numComponents ) { 
        if( numComponents > A.getNumCols() ) 
            throw new IllegalArgumentException("More components requested that the data's length."); 
        if( sampleIndex != A.getNumRows() ) 
            throw new IllegalArgumentException("Not all the data has been added"); 
        if( numComponents > sampleIndex ) 
            throw new IllegalArgumentException("More data needed to compute the desired number of components"); 
 
        double[][] tmp = new double[mean.length][A.getNumRows()]; 
        this.numComponents = numComponents; 
         
        //transpose the data for normalization 
        for( int i = 0; i < A.getNumRows(); i++ ) { 
            for( int j = 0; j < mean.length; j++ ) { tmp[j][i]=A.get(i,j); } 
        } 
        //saves min and max values 
        for( int i = 0; i < mean.length; i++ ) { 
             maxValues[i] = defaultMaxValues[i]; 
             minValues[i] = defaultMinValues[i]; 
        } 
        //normalization 
        for( int i = 0; i < mean.length; i++ ) { 
                tmp[i]=normalizeArray(tmp[i], maxValues[i], minValues[i]); 
        } 
        for( int i = 0; i < A.getNumRows(); i++ ) { 
            for( int j = 0; j < mean.length; j++ ) {    A.set(i,j,tmp[j][i]); } 
        } 
        // compute the mean of all the samples 
        for( int i = 0; i < A.getNumRows(); i++ ) { 
            for( int j = 0; j < mean.length; j++ ) { mean[j] += A.get(i,j)/A.getNumRows();  } 
        } 
        // subtract the mean from the original data  
        for( int i = 0; i < A.getNumRows(); i++ ) { 
            for( int j = 0; j < mean.length; j++ ) {  A.set(i,j,(A.get(i,j)-mean[j]));} 
        } 
        // Compute SVD and save time by not computing U 
        SingularValueDecomposition<DenseMatrix64F> svd = 
                DecompositionFactory.svd(A.numRows, A.numCols, false, true, false); 
        if( !svd.decompose(A) ) {    throw new RuntimeException("SVD failed");} 
         
        V_t = svd.getV(null,true); 
        DenseMatrix64F W = svd.getW(null); 
 
        // Singular values are in an arbitrary order initially 
        SingularOps.descendingOrder(null,false,W,V_t,true); 
 
        // Gets singular values of W by decreasing order 
        double[] eigValuestmp = new double[W.getNumCols()]; 
        for( int i=0; i<W.getNumCols();i++){ 
      eigValuestmp[i]=(W.get(i, i)*W.get(i, i))/(A.getNumRows()-1); 
     } 
        eigValuesw = eigValuestmp; 
 
        // strip off unneeded components and find the basis 
        V_t.reshape(numComponents,mean.length,true); 
    } 

Figure 3-9 – computeBasis method. 

Having the basis computed for a given dataset, the data is ready to be processed. The methods used 

to convert the samples to the transformed design-space and reconstructing them back to the original 

space are defined by sampleToEigenSpace and eigenToSampleSpace. The input parameters are 
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similar, one being a sample from the original space and the other a sample from the transformed space. 

An important note on when converting these samples is shown in the form of a comment in Figure 3-10. 

When performing Whitening on the data, each sample is rescaled and thus the multiplication by the 

factor of 1 √𝜆𝑖⁄ . In the same way, when reconstructing a sample to the original the space the inverse 

operation is applied. 

/** 
     * Converts a vector from sample space into eigen space. 
     * 
     * @param sampleData Sample space data. 
     * @return Eigen space projection. 
     */ 
    public double[] sampleToEigenSpace( double[] sampleData ) { 
        if( sampleData.length != A.getNumCols() ) 
            throw new IllegalArgumentException("Unexpected sample length"); 
 
        DenseMatrix64F s = new DenseMatrix64F(A.getNumCols(),1,true,sampleData); 
        DenseMatrix64F r = new DenseMatrix64F(numComponents,1); 
 
       
         
        //normalizing the sample, after subtracting mean 
        for( int i = 0; i < s.data.length; i++ ) { 
         double max=maxValues[i]; 
         double min=minValues[i]; 
 
            //s.data[i]=(((s.data[i]-min)/(max-min)) - mean[i])*1/Math.sqrt(eigValuesw[i]); Used for Whitening 
            s.data[i]=(((s.data[i]-min)/(max-min)) - mean[i]); 
        } 
         
        CommonOps.mult(V_t,s,r); 
 
        return r.data; 
    } 
    /** 
     * Converts a vector from eigen space into sample space. 
     * 
     * @param eigenData Eigen space data. 
     * @return Sample space projection. 
     */ 
    public double[] eigenToSampleSpace( double[] eigenData ) { 
        if( eigenData.length != numComponents ) 
            throw new IllegalArgumentException("Unexpected sample length: found " + eigenData.length + ", expected " + numComponents); 
         
        DenseMatrix64F s = new DenseMatrix64F(A.getNumCols(),1); 
        DenseMatrix64F r = DenseMatrix64F.wrap(numComponents,1,eigenData); 
         
        CommonOps.multTransA(V_t,r,s); 
         
        // Denormalization 
        for( int i = 0; i < s.data.length; i++ ) { 
         double max=maxValues[i]; 
         double min=minValues[i]; 
 
           // s.data[i]=(((s.data[i] + mean[i])*(max-min)) + min)*Math.sqrt(eigValuesw[i]); Used for Whitening 
            s.data[i]=((s.data[i] + mean[i])*(max-min)) + min; 
        } 
        return s.data; 
    } 

Figure 3-10 – sampleToEigenSpace and eigenToSampleSpace methods. 

An additional method was added to deal with the ranges of the variables as explained in Section 3.3. 

This method returns the maximum value of the variable over 2 as shown in Figure 3-11, so that when 
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the ranges are updated the data is centered. This statement will be better understood when the 

integration of PCA with the NSGA-II is demonstrated.  

public double[] ranges() { 
     double [] max = new double[V_t.numRows]; 
         
        for( int i = 0; i < V_t.numRows; i++ ) { 
         max[i] = 0; 
         for( int j = 0; j < V_t.numCols; j++ ) { 
          max[i] += Math.abs(V_t.get(i, j)); 
         } 
         max[i] = max[i]/2; 
        } 
        
        return max; 
    } 

Figure 3-11 – ranges method. 

The main alteration on the NSGA-II is performed when the algorithm is applying the genetic operators. 

These must operate on the new design-space, therefore PCA must be executed before generating the 

offspring, and the reconstruction must be made before the next generation. The changes in the method 

generateChildren, method responsible for generating the offspring at each generation are now shown 

in Figure 3-12. 

@Override 
protected void generateChildren() { 
 int sampleSize = population.get(0).getX().length; 
 int numComponents = (int) sampleSize-NumDiscardedComps;      
  
 super.generateChildren(); 
 if(PCAprobability <= 0 ) return; 
   
 PrincipalComponentAnalysis pca =  new PrincipalComponentAnalysis(Range.max(population.get(0).getVariableRange()), 
Range.min(population.get(0).getVariableRange())); 
 pca.setup(popSize, sampleSize); 
 
 for(D p : population){ double[] x = p.getX().clone(); pca.addSample(x);} 
 pca.computeBasis(numComponents); 
 
 List<D> origPopulation = new ArrayList<D>(population); 
 List<D> origChildren = new ArrayList<D>(children); 
 
 Range[] r = Range.newUnitaryVariables(numComponents); 
 Range.updateLimits(r, pca.ranges(), 0.1); 
 // Range.updateLimitsWhite;    Used for 3 sigma 
 population =  DoubleArraySolution.getNSolutions(r, population, new CoordinatesGetter<double[]>(){ 
  PrincipalComponentAnalysis pca; 
  public double[] getCoordinates(double[]x){  return pca.sampleToEigenSpace(x); } 
  public boolean hasCoords(double[] t) { return true; } 
  CoordinatesGetter<double[]> with(PrincipalComponentAnalysis p){ pca = p;  return this;} 
 }.with(pca)); 
 children =  DoubleArraySolution.getNSolutions(r, children);  
 super.generateChildren(); 
 
 // reconstruction 
 population = origPopulation; 
 Iterator<D> origI = origChildren.iterator(); 
 for(D c : children){  
  D origC = origI.next();  
  if(Math.random()<PCAprobability) { origC.setX(pca.eigenToSampleSpace(c.getX()));} 
 }  
 children = origChildren; 
} 

Figure 3-12 – Changes to the generateChildren method. 
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The numComponents is defined by the number of features of the dataset minus the number of 

components the user decides to discard. It is then generated a new set of offsprings with the standard 

implementation of the NSGA-II. The setup method is called on the newly created PCA object and the 

parents are added to the internal structure created with the addSample method.  

The basis is then computed. Here the parents are saved in a list called origPopulation and the children 

created by NSGA-II are also saved in a list called origChildren. These lists will be useful in the end to 

compose the final list of offspring. 

The ranges of the variables are first initialized with the maximum value of each variable, and then 

updated according to method defined in Figure 3-13. It is shown in the form of a comment the method 

that is called in case the ranges are desired to be updated to 3 and -3, following the 3-sigma rule when 

performing Whitening. This method is also defined in Figure 3-13. 

public static void updateLimits(Range[] r, double[] maxValues, double d) {   
 for(int i = 0; i < r.length; i++) { 
  r[i].min = -(1+d)*maxValues[i]; 
  r[i].max = (1+d)*maxValues[i]; 
 } 
} 
   
public static void updateLimitsWhite(Range[] r) { 
 for(int i = 0; i < r.length; i++) { 
  r[i].min = -3; 
  r[i].max = 3;   
 } 
} 

Figure 3-13 – updateLimits and updateLimitsWhite methods. 

A new set of children is generated on the new transformed design-space after overwriting the population 

list with the transformed parents, being saved in the list children. 

Finally, in the reconstruction phase, a condition is defined that will set the rate of usage of the 

transformed design-space. In this way, the origChildren elements are replaced with the offspring 

generated in the enhanced search-space with a probability defined by the user. These mentioned 

offspring have been already reconstructed back to the original space when overwriting the origChildren 

list. 

In summary, the children list that will pass to the evaluation stage of the optimization kernel is a mixture 

of individuals generated by the standard implementation of the NSGA-II and individuals generated using 

the enhanced search-space, being the ratio given by the rate usage of PCA, approximately. 

An example run is now shown in Figure 3-14. As described, the new algorithm would be tested on the 

Single-Stage Amplifier, for the usage rates of PCA 0.25 and 0.50, for the number of components 

discarded equal to 0 and 2 for 10 runs. Each run consists of a population of 64 individuals evolving for 

100 generations. 
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public static void main(String[] args)throws IOException, SAXException  { 
 
 double[] pPCATest = {0.25, 0.5}; 
 int[] nDTest = {0,2}; 
 int nruns=10; 
 
 SweepSetup[] allCircuits = {Circuits.ssvcAmp33V_2Objs}; 
 
 for(SweepSetup circuit : allCircuits) 
  for(double pPCA : pPCATest){ 
   for(int nD : nDTest) { 
 
    LinkedList<Collection<? extends Solution>> c = new LinkedList<Collection<? extends 
Solution>>(); 
 
    for(int k=0; k<nruns; k++) { 
     PCSNSGA2<DoubleArraySolution> alg = PCSNSGA2.newLegacyImplementation( 
(DoubleValuedInputProblem)circuit.problem, circuit.evalcb, 64, 100);  
     alg.setPCAProbability(pPCA); 
     alg.setNumDiscardedComps(nD); 
     alg.start(); 
     c.add(alg.getSolutions()); 
    }    
   } 
  } 
 System.exit(0); 
} 

Figure 3-14 – Example run. 

 

3.6 Conclusion 

In this chapter a brief overview of the AIDA framework was presented to better understand the scope of 

the developed work. The modifications done to the NSGA-II were presented and explained in more 

detail, describing in this way the integration of PCA to the optimization kernel. The PCA Whitening 

process was described with a figure to help understanding visually the method. Finally, the 

implementation of the new algorithm is presented as well as an example of the algorithm being used on 

an analog circuit. 
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4 Results 

In this chapter, we describe the circuits that were used as datasets and the results. The proposed 

method was implemented and used, as proof of concept, in the optimization of the single stage amplifier 

with gain enhancement using voltage combiners proposed in [77], the two-stage Miller amplifier and the 

LC-voltage controlled oscillator used in [78]. In each of the results shown, the values discussed refer to 

average of 10 runs of a population of size 64 for 100 generations. It is important to run at least 10 runs 

because of the random initialization of the algorithm. By running several times, statistical conclusions 

can be inferred, whereas with only one run no valid conclusions could be achieved. 

4.1 Optimization of the Single Stage Amplifier 

The single stage amplifier with gain enhancement using voltage combiners (SSAMP), whose schematic 

is shown in Figure 4-1, loaded with a 6pF capacitor was optimized to both maximize the Figure-of-Merit 

(FOM) and DC Gain (GDC) in a 3.3V 130 nm process and circuit simulations done with ELDO. The 

design variables and corresponding ranges are shown in Table 4-1, and, the detailed target 

specifications are presented in Table 4-2. 
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Figure 4-1 - Single stage amplifier with gain enhancement using voltage combiners' circuits schematic. 

Table 4-1 - SSAMP variables and ranges 

Variable (Unit) Min. Grid Max. 

l0, l1, l4, l6, l8, l10 [nm] 340 10 1000 

w0 w1 w4 w6 w8 w10 [μm] 1 0.1 100 

nf0, nf1, nf4, nf6, nf8, nf10 1 2 8 

The variables l0, w0, and nf0 are dimensions of MP0 and MP3; l1, w1, and nf1 of MP1 and MP2; l4, w4 and nf4 of 

MN4 and MN5; l6, w6 and nf6 of MN6 and MN7; l8, w8, and nf8 of MN8 and MN9; l10 w10 and nf10 of MN10 and 

MN11. 
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Table 4-2 - SSAMP specifications 

 Measure Target Units Description 

Objectives GDC Max. dB Low-Frequency Gain 

 
FOM Max. MHz.pF/mA 

Idd

CGbw
FOM Load



 

Constraints Idd ≤ 350 µA Current Consumption 

 GDC ≥ 50 dB Low-Frequency Gain 

 GBW ≥ 30 MHz Unity Gain Frequency 

 PM ≥ 60 º Phase Margin 

 
FOM ≥ 1000 MHz.pF/mA 

Idd

CGbw
FOM Load



 

 OV1 ≥ 50 mV Overdrive Voltages (VGS-VTH)3 

 OV2 ≥ 100 mV Overdrive Voltages (VGS-VTH)3 

 
D1,2 ≥ 50 mV 

Saturation Margin of the PMOS Device 

(VDS-VDSat)3 

1 Applies to: MP0, MP1, MP2 and MP3; 2 Applies to: MN4, MN5, MN6, MN7, MN8, MN9, MN10 and MN11; 3 For 

PMOS devices the overdrive is Vt – Vgs and delta is Vdsat – Vds  

The proposed method is defined with 2 parameters, the PCA use rate U and the Number of removed 

components C. To study the impact those parameters in the optimization results, 10 runs with each 

parameter set were executed with a population of 64 elements and 100 generations. The execution time 

of each optimization of the amplifier is around 2 minutes. Table 4-3 shows the average hyper-volume 

(HV) improvement with respect to standard NSGA-II. 

Table 4-3 - HV ratioa for the SSAMP as a function of the PCA use rate (U) and the number of removed 
components (C). 

U \ C 0 2 5 8 11 

0.25 2.16 1.24 1.04 1,43 2.26 

0.50 2.91 0.70 1.61 1.87 1.84 

0.75 2.79 0.57 1.20 1.02 1.19 

a.Ratio between the average of the hyper-volume from 10 runs for each parameter set and the standard NSGA-II 

implementation, larger is better. 

In 15 pairs of values (U,C) only 2 performed worse than the standard NSGA-II implementation, While 

the results are satisfactory, particularly for C=0, the performance of the new algorithm doesn´t reveal 

any particular trend.  

In Figures Figure 4-2, Figure 4-3, Figure 4-4, Figure 4-5, Figure 4-6, Figure 4-7, Figure 4-8, the POFs 

of the 7 best ratios are shown (bold values in Table 4-3) 
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Figure 4-2 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.25 C=0. Large values 
are better. 

 

 

Figure 4-3 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.25 C=11. Large values 
are better. 
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Figure 4-4 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.50 C=0. Large values 
are better. 

 

 

Figure 4-5 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.50 C=5. Large values 
are better. 
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Figure 4-6 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.50 C=8. Large values 
are better. 

 

 

Figure 4-7 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.50 C=11. Large values 
are better. 
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Figure 4-8 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.75 C=0. Large values 
are better. 

While PCA is commonly as a feature reduction tool, and in this work, that aspect was kept, the best 

results are obtained when using all the principal components. For (U,C)=(0.50; 0) the algorithm 

performed the best, and for C=0 the HV ratios were in general high. For C=0, the algorithm only performs 

a simple rotation in the design-space, not discarding any components, so it could be thought that the 

algorithm should perform roughly the same whether the genetic operators are applied in rotated space 

or on the original one. The key factor to explain this result is the way that NSGA-II is implemented. As 

the space rotates in such a way that the new basis is formed by the principal components, whenever a 

crossover or mutation operation is performed, it operates on several features at once, since the principal 

components are formed by a combination of the design variables. 

Unlike its traditional application, here the main contribution of PCA is in re-encoding the design variables 

using the covariance found in the currently best set of solution, hence the components with few variance, 

work to fine tune the solution, while the components with high variance work to explore the search 

space. When the number of components used is reduced, the performance initially worsens. Eventually, 

the number of components is small enough that the search space size is effectively reduced increasing 

performance once again, however, in this example the ability to fine tune solutions is lost. 

4.1.1 Optimization using PCA Whitening  

As explained in Section 3.3, one more approach was implemented, PCA Whitening. With this method 

the aim is to study the impact of attributing the same variance in all principal directions after decorrelating 

them. In this way, features with less variance will be more spread out in the search space, giving more 

chance to the algorithm for these directions to be explored. The tests will be performed on some of the 

best results without whitening, 
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With the aim of analyzing the impact of the normalization of the dataset, the same cases were tested 

with the data being normalized between [-3𝜎, 3𝜎]. Table 4-4 shows the average hyper-volume (HV) 

improvement with respect to standard NSGA-II. 

Table 4-4 - HV ratio for the SSAMP as a function of the PCA use rate (U), the number of removed components 
(C) and the normalization used. 

 Whitening (L1 norm) Whitening (3-sigma rule) 

U \ C 0 11 0 11 

0.25 1.38 1.54 1.87 1.71 

0.50 1.14 0.90 0.98 0.9 

 

The best results obtained were for the Normalization 3-sigma and for U=0.25. Although this method 

outperforms the standard NSGA-II implementation, it has its best performance without the whitening 

process. In the case of the single-stage amplifier, it can be observed that it is not beneficial to evenly 

spread out the features with less variance in the search-space. On the other hand, the modification to 

the normalization 3-sigma showed better results than the previous L1 normalization, indicating that 

normalizing in such a way that a significant percentage of the data is known to be retained improves the 

algorithm. The obtained POFs for PCA Whitening with the Normalization L1 are shown in Figures Figure 

4-9, Figure 4-10, Figure 4-11, Figure 4-12. 

 

Figure 4-9 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.25 C=0 with 
Whitening. Large values are better. 
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Figure 4-10 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.25 C=11 with 
Whitening. Large values are better. 

 

 

Figure 4-11 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.50 C=0 with 
Whitening. Large values are better. 
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Figure 4-12 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.50 C=11 with 
Whitening. Large values are better. 

 

The results obtained using PCA Whitening and with normalization 3-sigma are shown in Figures Figure 

4-13, Figure 4-14, Figure 4-15, Figure 4-16. 

 

Figure 4-13 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.25 C=0 with 
Whitening and Normalization 3-sigma. Large values are better. 
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Figure 4-14 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.25 C=11 with 
Whitening and Normalization 3-sigma. Large values are better. 

 

Figure 4-15 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.50 C=0 with 

Whitening and Normalization 3-sigma. Large values are better. 
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Figure 4-16 - Pareto fronts from the SSAMP optimization, for NSGA-II, NSGA-II & PCA U=0.50 C=11 with 
Whitening and Normalization 3-sigma. Large values are better. 

4.2 Optimization of the Two-Stage Amplifier 

The two-stage amplifier, whose schematic is shown in Fig. 4., loaded with a 10MΩ resistor in parallel 

with 1 pF capacitor and biased with a current of 10µA was optimized for a 1.2V 130 nm process targeting 

maximum bandwidth (GBW) and minimum current consumption (IDD). The design variables and 

corresponding ranges are shown in Table 4-5, and, the detailed target specifications are presented in 

Table 4-6. 
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Figure 4-17 – Two-Stage Amplifier 
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Table 4-5 - Two-Stage Miller Amplifier variables and ranges 

Variable (Unit) Min. Grid Resolution Max. 

l1, l4, l6, l8, l10 [nm] 120 50 10000 

w1 w4 w6 w8 w10 [μm] 1 0.1 10 

nf1, nf2, nf3, nf4, nf6, nf8 1 2 200 

Lcap [μm] 4.4 0.1 100 

Nfcap 14 2 198 

 

In Table, the variables lc and nfc are the length and number of fingers of the MOM capacitor XC0; l1, 

w1 and nf1, are the length, width and number of fingers of MP20; l1, w1, and nf2 are the length, width, 

and number of fingers of M14; l1, w1, and nf3 of MP22; l4, w4, and nf4 of MP11 and MP12; l6, w6, and 

nf6 of MN9 and MN10; l8, w8, and nf8 of MN21. 

 

Table 4-6 - Two-Stage Miller Amplifier specifications 

 Measure Target Units Description 

Objectives Idd Min.  µA Current Consumption 

 GBW Max. MHz Unity Gain Frequency 

Constraints Idd ≤ 82 µA Current Consumption 

 GDC ≥ 50 dB Low-Frequency Gain 

 GBW ≥ 1 MHz Unity Gain Frequency 

 PM ≥ 55 º Phase Margin 

 PSRR ≥ 55 dB Power Supply Rejection Ratio 

 sr ≥ 0.8 V/µs Slew Rate 

 voff ≤ 4 mV Offset Voltage 

 no ≤600 µVrms Noise RMS 

 sn ≤100 nV/√Hz Noise Density 

 ov1 ≥ 50 mV Overdrive Voltage (VGS-VTH)3 

 ov2 ≥ 100 mV Overdrive Voltage (VGS-VTH)3 

 d1,2 ≥ 100 mV Saturation Margin (VDS-VDSat)3 

1 Applies to: MP0, MP1, MP2 and MP3; 2 Applies to: MN4, MN5, MN6, MN7, MN8, MN9, MN10 and 

MN11; 3 For PMOS devices the overdrive is Vt – Vgs and delta is Vdsat – Vds 

Using the same 2 parameters, the PCA use rate U and the Number of removed components C, the 

results obtained for the Two-Stage Miller Amplifier are shown in Table 4-7, showing the average hyper-

volume (HV) improvement with respect to standard NSGA-II.  
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Table 4-7 - HV ratioa for the Two-Stage Miller Amplifier as a function of the PCA use rate (U) and the number of 
removed components (C) 

U \ C 0 2 5 8 11 

0.25 0.63 0.72 0.23 0.47 0.32 

0.50 0.17 0.38 0.25 0.32 0.10 

0.75 0.25 0.08 0.00 0.00 0.00 

a.Ratio between the average of the hyper-volume from 10 runs for each parameter set and the standard 

NSGA-II implementation, larger is better. 

When optimizing the Two-Stage amplifier no performance was improved. The algorithm always 

performed worse, which points to the fact that the algorithm still needs some tuning in order to be applied 

in a wide variety of circuits. In Figure 4-18 the Pareto fronts obtained with for NSGA-II and the parameter 

sets (U,C) (0.25, 0) and (0.50, 2) are shown, which correspond to the best ratios obtained. 

 

Figure 4-18 - - Pareto fronts from the Two-Stage optimizaiton, for NSGA-II, NSGA-II-PCA U=0.25 C=0 and 
NSGA-II-PCA U=0.25 C=2. 

4.2.1 Optimization using PCA Whitening 

Similarly to what was done in the SSAMP, the Whitening technique was tested on the Two-Stage 

amplifier. The influence of the normalization was also analyzed. Table 4-8 shows the average hyper-

volume (HV) improvement with respect to standard NSGA-II. 

Table 4-8 - HV ratio for the Two-Stage amplifier as a function of the PCA use rate (U), the number of removed 
components (C) and the normalization used. 

 Whitening (L1 norm) Whitening (3-sigma rule) 

U \ C 0 2 0 2 

0.25 1.85 0.93 0.94 0.62 
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By applying whitening on the rotated data (C=0) and with U=0.25 the algorithm outperforms NSGA-II at 

last, and both results for the L1 normalization are better than the results obtained without whitening, as 

seen in Table 4-7. In this circuit, the exploration of solutions is done in a more efficient way when features 

with less variance are more spread out. Although the whitening process was beneficial to performance 

of the algorithm, only with the L1 normalization did the algorithm have a positive ratio. 

Despite not having outperformed NSGA-II, when performing whitening and using the normalization 3-

sigma the result for C=0 is better than the results obtained without whitening, as seen in Table 4-7. In 

Figure 4-19, the Pareto fronts obtained with for NSGA-II and the parameter sets (U,C) (0.25, 0) using 

whitening and normalization L1 are shown. 

 

Figure 4-19 - - Pareto fronts from the Two-Stage optimization, for NSGA-II, NSGA-II-PCA U=0.25 C=0 with 
Whitening. 

An interesting run of the improved algorithm can be seen in Figure 4-19. The top-left POF clearly 

outperforms any other run, showing the potential of the algorithm. 

4.3 Optimization of a Voltage Controlled Oscillator 

The LC-Voltage Controlled Oscillator (VCO) circuit, whose schematic is shown in Figure 4-20, was 

optimized with a 1 pF load capacitance for a 1.2V 130 nm RF process targeting both minimum phase 

noise (PN) and power consumption (P). The design variables and corresponding ranges are shown in 

Table 4-9, and, the detailed target specifications are presented in Table 4-10. The circuit simulations 

were done in ELDO RF and each optimization took around 40 minutes. 
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Figure 4-20 - LC-Voltage Controlled Oscillator's circuit schematic 

 

Table 4-9 - LC-VCO variables and ranges 

Variable (Unit) Min. Grid. Max. Variable (Unit) Min. Grid. Max. 

l1, l3, l5, lvar [nm] 120 10 1000 nf1, nf3, nfvar 4 2 16 

w1 w3 w5 wvar [μm] 1 0.1 10 nf5  4 2 32 

outd [μm] 90 0.01 290 ib [mA] 0.1 0.1 5 

The variables l1, w1, and nf1 are dimensions of M1 and M2; l3, w3, and nf3 of M3 and M4; l5, w5 and 

nf5 of M5 and M6; lvar, wvar and nfvar of V1 and V2; outd is the outer diameter of the inductors, and ib 

the value of the bias current. 

Table 4-10 - LC-VCO specifications 

 Measure Target Units Description 

Objectives PN Min.  dBc/Hz Phase Noise Measured @ 1 MHz 

 P Min. mW Power Consumption 

Constraints Idd ≤ 6 mA Current Consumption 

 OF ≥ 2.4;≤2.4835 GHz Oscillation Frequency 

 OVS ≥ 100 mV Output Signal Amplitude 

 PN ≤ -100.0 dBc/Hz Phase Noise@ 1 MHz 

 OV1 ≥ 80 mV Overdrive Voltages (VGS - VTH)2 

 D1 ≥ 50 mV Saturation Margin (VDS - VDSat)2 

1 The constraint applies to: M1, M2, M3, M4, M5 and M6; 2 For PMOS devices the overdrive is Vt – Vgs 

and delta is Vdsat – Vds 
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3 runs with each parameter set were executed with a population of 64 elements and 100 generations, 

like before. Table 4-11 shows the average HV improvement with respect to standard NSGA-II.  

Table 4-11 - HV ratioa for the Two stage amplifier as a function of the PCA use rate (U) and the number of 
removed components (C) 

U \ C 0 2 5 8 11 

0.25 1.05 1.03 1.08 1,04 1.04 

0.50 1.07 1.06 1.07 1.06 0.99 

0.75 1.05 1.03 1.06 0.98 0.93 

a.Ratio between the average of the hyper-volume from 10 runs for each parameter set and the standard 

NSGA-II implementation, larger is better. 

 

As was the case of the SSAMP, and despite the differences in the function, devices and specifications 

of the target circuit, the proposed method can be used to consistently improve the effectiveness of the 

optimization, reaching solutions with improved power consumption and improved phase noise. in Figure 

4-21 the Pareto fronts obtained with for NSGA-II and the parameter sets (U,C) (0.25, 5) and (0.50, 0) 

are shown.  

 

Figure 4-21 - Pareto fronts from the LC-VCO optimizaiton, for NSGA-II, NSGA-II-PCA U=0.25 C=5 and NSGA-II-
PCA U=0.5 C=0. Small values are better. 

4.4 Benchmarks 

To test the algorithm with known functions, some of the CEC2009 competition problems [79] were 

considered. In the scope of this work and because the circuit is mapped as a constrained multi-objective 

problem usually with two objectives, the two objective constrained problems, CF1 to CF7, were selected. 

The aim of these performance tests is to see whether the modifications applied to the standard NSGA-
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II alter in a significant way its performance in widely used benchmark functions. It serves in a way to 

show the validation of the proposed algorithm. 

The following paragraphs show the problems’ definitions. 

• Constrained Function 1 - CF1 

The two objectives to be minimized are: 
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where  njjjJ  2odd is |1  and  njjjJ  2even is |2 . 
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            011
21

10sin
211

 xfxfxfxfxg   

The search space is  n1,0 , where n is the number of variables. 

• Constrained Function 2 - CF2 

The two objectives to be minimized are: 
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n , where n is the number of variables. 

 

• Constrained Function 3 – CF3 

The two objectives to be minimized are: 
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The search space is     1
2,21,0




n , where n is the number of variables. 

• Constrained Function 4 – CF4 

The two objectives to be minimized are: 
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n , where n is the number of variables. 

• Constrained Function 5 – CF5 

The two objectives to be minimized are: 
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n , where n is the number of variables. 

• Constrained Function 6 – CF6 

The two objectives to be minimized are: 
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n , where n is the number of variables. 

• Constrained Function 7 – CF7 

The two objectives to be minimized are: 
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n , where n is the number of variables. 

In order to do the simulations in conditions closer to that of the circuit problems, normally defined with 

20 to 30 variables, the problems were defined with n set to 20 and simulated in the same conditions. 10 

runs with each parameter set were executed with a population of 64 elements and 100 generations, to 

simulate the conditions of the circuits’ test cases. The average HV improvement with respect to standard 

NSGA-II shown in Table 4-12.  

Table 4-12 - HV ratio for the CFs as a function of the PCA use rate (U), the number of removed components (C) 
and the normalization used. 

Norm \ CF# 1 2 3 4 5 6 7 

L1 1.00 1.00 1.01 1.00 0.97 1.00 0.91 

White-L1 1.00 1.00 1.00 1.00 1.06 0.99 0.98 

White-3𝝈 1.00 1.00 1.01 1.00 1.02 0.99 0.97 

 

As the POFs are indistinguishable when comparing both algorithms, these are not shown. The proposed 

algorithm had a very similar performance as the standard NSGA-II on optimizing the constrained 
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functions from CEC2009 competition, and so it can be observed that the new algorithm doesn’t have a 

negative impact when used to optimize mathematical functions. The fact that it doesn’t improve the 

results shows that the nature of the problem and the problems themselves directly impact the 

performance of this procedure. In this optimization, there are no redundancies in the variables of the 

search-space, and so there is no enhancement when exploring solutions.  

4.5 Conclusions 

In this chapter circuit optimization is assessed using the proposed algorithm. Despite not having found 

a pair of values (U,C) that consistently improves all types of circuits, the fine tuning of these parameters 

allowed to achieve better performances in all case-studies.  

Mathematical problems optimizations are also presented and the results obtained discussed. The main 

result observed in this type of optimization is the similarity in the performance of both algorithms, 

showing that using PCA does not have a negative impact on optimizing mathematical functions and 

simultaneously does not improve the algorithm significantly, since there are no redundancies between 

the design variables as opposed to the circuits’ test cases. Justifying its usage in the application-context. 
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5 Conclusion and Future Work 

This chapter presents the conclusions of all the work executed for this dissertation, and the future 

directions for the continuous development of AIDA and the circuit optimization framework. 

5.1 Conclusions 

The work presented in this dissertation corresponds to an innovative IC design automation approach by 

integrating PCA in the NSGA-II kernel. 

The automatic analysis of the correlations between all design variables over the optimal design trade-

offs is used in this work to accelerate analog and RF IC sizing optimization. PCA is here used, for the 

first time, to re-encode the design variables, creating a more meaningful search space, with respect to 

the target circuit and specifications. The proposed method was validated in the optimization of three 

widely used and remarkably different circuits, two amplifiers (single and two-stage) and a VCO. It was 

also tested in a set of mathematical benchmarks. 

The new framework proved to be capable to able to reach wider solution sets and an improving from 

8% to 290% in terms of hypervolume in all circuits. In the case of the benchmarks, it maintained the 

performance, which can be seen as a good result, not having a negative impact in the optimization of 

mathematical functions. 

Since no improvement was noticed in the benchmarks, as opposed to the tests performed on the circuits, 

the insight brought by PCA to real-world problems seems clear when problems definitions are subject 

to redundancies in the design variables, and integrating PCA in the optimization takes advantage of 

these relations.  

Moreover, the proposed use of PCA for variable re-encoding, in the scope of stochastic optimization, 

was applied together with the NSGA-II evolutionary kernel, but it is suitable to be applied with any 

optimization method that maintains a set of solutions, as it is the case of many single and most multi-

objective optimization algorithms. 

Finally, the proposed objectives for this work were achieved and a new optimizer was created. 

5.2 Future work 

The proposed methodology shows promise in the field of analog IC design, however, there are still many 

possibilities to explore in order to fully take advantage of re-encoding the design variables. Based on 

this work and its large application on analog design, there are some suggestions for future research 

which may improve even more its efficiency. 

Further experimentation should be done to study the impact of the ranges of normalization. In this work, 

two types of normalization were experimented with yielding different results. So, it is proposed to test a 

wider set of normalizations to study the effect of such modification. 
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PCA was chosen to the development of this work since it is one of the most common feature reduction 

tools. However, PCA is limited to only find linear relations between variables. To further explore the 

relations of the variables, it is recommended to study the combination of one non-linear feature reduction 

tool, such as Sammon mappings or auto-encoders, to try to take advantage of finding the non-linearities 

between the design variables. 

Moreover, the proposed algorithm as it was described can be tested with different conditions. There is 

a wide of variety of tests that can be made to analyze its performance, such as alternating both the 

proposed algorithm and the standard implementation of the NSGA-II in a fixed number of sets, 

alternating them randomly in each iteration, etc. The algorithm showed it can help to find better solutions 

in this type of problems, but it is still not fully optimized. 

At last, as said in the conclusions, the algorithm was used with the NSGA-II evolutionary kernel and in 

the scope of integrated circuits, but it is suitable to be used in any kind of problems and with any other 

optimization method. 
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