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Abstract

Digital and analog circuit design for integrated circuits classically has three distinct stages:
topology choice, component sizing and layout generation. In the Electronic Design Au-
tomation (EDA) field, the automatic topology synthesis stage is the least developed stage,
particularly for analog circuits. Analog circuit design is still essentially based on human
expert designers and is generally geared toward the reuse of well-known topologies in new
circuit functions or to improve existing circuit topologies and, less often, to create new

circuit topologies.

Generation of circuit topologies can be seen as a search and optimization problem and,
therefore, it can be performed with Genetic Algorithms (GAs). What is presently unclear is
to what extent this can be accomplished by a GA, particularly when handled at flat circuit-
level, and in concrete for the case of MOS integrated amplifiers. Boosted by the current
submicron technologies used in today’s integrated circuits, MOS integrated amplifiers have
high efficiencies and very optimized specifications compared to the not-so-distant past.
Eventually, an automatically generated topology could not only meet such specifications,
but achieve it being a novelty, that is, potentially a GA can generate new topologies different

from the traditional ones.

The work described in this thesis concerns the use of GAs in automatic circuit synthesis
at flat circuit-level, and tries to understand its merits and its limitations, i.e., what are the
capabilities of a GA in producing useful circuits and what is the relevance of additional
enhancement techniques in its overall performance. In this work a GA kernel has been de-
veloped using parallelism in some stages of the algorithm, namely where it is most relevant
which is in the fitness evaluation stage. In this stage, fitness evaluation is accomplished by

a spice-like circuit simulator run using thread-level parallelism.

Part of the difficulty of obtaining good results with GAs is the choice of the codification

scheme of the problem. Several coding schemes can be used for electric circuits and in
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this work there was a first attempt to use a codification technique for circuits that applies
the classic bit strings used by the canonic (or original) GA to represent a circuit. In this
representation there is a fixed number of components available to the GA and the evolution
takes place by changing the nodes to which each component terminal is connected to. In
several experimental results obtained with this coding simple circuits were synthesized,
such as NAND gates with MOS transistors. But scaling to more complex topologies was
not possible. Hence, another codification technique was attempted, and variable-length

chromosomes (VLCs) were tested.

Using VLCs and an encoding scheme in which a chromosome is a circuit descriptor and
each gene is a component descriptor, circuits of higher complexity were synthesized by
the GA, like other logic gates never successfully generated before (e.g., XOR gate and
half-adder) and analog circuits (such as amplifiers of gain up to 40 dB and GBW ~ 70 MHz).
In addition, a few techniques have been developed and incorporated in the GA which
contribute to its robustness, leading to better and faster results. Robustness is enhanced
because the GA has less sensitivity to initial pseudo-random generator seed and to some
parameters. Better results are obtained since circuits are produced with less redundant or
useless components. Also, faster results are obtained because less time is spent in circuit
simulation (since the number of components in intermediate circuits is high only during a

set of iterations strictly necessary).

One enhancement technique presented is a heuristic that implements an adaptive proba-
bility of acceptance of mutated chromosomes according to a measure of the quality of the
solutions obtained. This technique enhances local exploration capabilities of the GA and
reduces sensitivity to mutation probability. Another improvement technique is a “circuit
cleaning” technique that eliminates redundant components in the circuit in which we dy-
namically adapt the weight of a constraint to steer the algorithm towards the sub-objective
of minimizing the number of components. In addition to this technique, a segmentation
procedure of the GA evolution was presented, where several phases are used, each with
different parametrization, which is a valuable technique to extend the steering of the GA
towards sub-objectives. Circuits synthesized by the GA were shown using all the techniques
described.
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Resumo

O projeto de circuitos digitais ou analdgicos para circuito integrado tem classicamente
varios estdgios distintos: a escolha da topologia, o dimensionamento dos componentes
e a geragdo do layout. Na area de “Electronic Design Automation”, o estdgio da sintese
automadtica da topologia é o menos desenvolvido, principalmente para o caso dos circuitos
analdgicos. O projeto de circuitos analégicos ainda é essencialmente baseado em projetistas
(humanos) especializados, sendo muito voltado para a reutilizagdo de topologias conhecidas
em novas fung¢des ou para o melhoramento das topologias ja existentes, sendo com menos

frequéncia orientado para a criacdo de novas topologias.

A geracdo de topologias de circuitos pode ser vista como um problema de pesquisa e
otimizagdo e, portanto, pode ser realizada com Algoritmos Genéticos (AGs). O que nao é
claro atualmente é até que ponto isto pode ser realizado por um AG, particularmente com
sintese ao nivel do componente e ndo de subcircuitos ou de topologias preexistentes, e em

concreto para o caso de amplificadores integrados MOS.

Impulsionados pelas tecnologias submicrométricas atualmente usadas no fabrico de circui-
tos integrados, os amplificadores integrados MOS tém hoje elevada eficiéncia e especificagoes
muito otimizadas em comparagdo com um passado ndo muito distante. Eventualmente,
uma topologia gerada automaticamente por um AG poderia ndo apenas conseguir cumprir
as mesmas especificagdes, ou mesmo melhoré-las, e poderia até constituir uma novidade,

ou seja, potencialmente um AG pode gerar novas topologias.

O trabalho descrito nesta tese é sobre o uso de AGs na sintese automadtica de circuitos ao
nivel do componente. Nele tenta-se conhecer os méritos e as limitagdes dos AGs neste
contexto, ou seja, tenta-se conhecer quais sdo as capacidades de um AG de produzir circuitos
uteis e qual a relevancia de algumas técnicas adicionais de melhoramento, desenvolvidas
neste trabalho, no seu desempenho geral. Para este efeito foi desenvolvido um programa

que realiza um AG, utilizando paralelismo em alguns estdgios do algoritmo, nomeadamente
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onde ¢ mais relevante que é no estdgio de avaliacdo de desempenho de cada circuito. Neste
estdgio, a avaliagdo de desempenho é realizada por um simulador de circuitos baseado em

SPICE, executado usando paralelismo ao nivel da thread.

Parte da dificuldade na obtengdo de bons resultados com AGs esta na escolha da codificagdo
do problema. Vdrias formas de codificagdo podem ser usadas para a sintese de circui-
tos elétricos e neste trabalho houve uma primeira tentativa de se usar uma técnica de
codificagdo que aplica as sequéncias de bits cldssicas usadas no AG canénico (ou original).
Nesta representagdo existe um ntmero fixo de componentes disponiveis para o AG realizar
o circuito e a evolugdo ocorre por alteragdo dos nds aos quais cada terminal de um com-
ponente estd conectado. Em vdrios resultados experimentais obtidos com esta codificagao
foram sintetizados circuitos simples, como portas NAND com transistores MOS. Mas o
escalamento para topologias mais complexas nao foi conseguido. Consequentemente, foi
tentada outra técnica de codificagdo, tendo sido escolhida e depois testada a utilizagdo de

cromossomas de tamanho varidvel (CTVs).

Usando CTVs e um esquema de codificagdo em que cada cromossoma é um descritor de
circuito e cada gene ¢ um descritor de componente, foram sintetizados com sucesso pelo AG
circuitos de maior complexidade, tais como portas légicas nunca antes geradas com sucesso
(por exemplo, uma porta XOR e um half-adder de duas entradas) e circuitos analégicos
(como amplificadores de ganho até 40dB e GBW ~ 70MHz). Além disso, algumas técnicas
foram desenvolvidas e incorporadas no AG, contribuindo para a sua robustez e levando a
resultados melhores e mais rdpidos. A robustez ¢ melhorada porque o AG fica com menos
sensibilidade ndo s6 a semente inicial do gerador pseudo-aleatério mas também a alguns
pardmetros do préprio AG. Como consequéncia sdo obtidos melhores resultados porque os
circuitos sao produzidos com menos componentes redundantes ou intteis. Acresce ainda
que passa a haver maior rapidez na obtenc¢do de resultados porque o tempo total gasto
na simulagdo de circuitos diminui (uma vez que o nimero de componentes existente nos
circuitos intermédios ¢ em média menor, sendo elevado apenas durante um conjunto de

iteragdes em que tal é estritamente necessario).

Uma técnica de melhoramento de desempenho do AG apresentada neste trabalho é uma
heuristica que implementa uma probabilidade adaptativa de aceitagdo de cromossomas
mutados de acordo com uma medida da qualidade das solugdes obtidas. Esta técnica
aumenta as capacidades de exploragao local do AG e reduz a sensibilidade a probabilidade
de mutagdo. Outra técnica de melhoramento é uma técnica de “limpeza de circuito” que
elimina componentes redundantes ou intteis no circuito, na qual se adapta dinamicamente
o peso de uma restri¢do para se direcionar o algoritmo para o subobjetivo de minimizar
o numero de componentes usados no circuito. Além desta técnica, foi apresentado um
procedimento de segmentac¢do da evolugdo do AG onde sdo utilizadas vérias fases, com
parametrizagdes diferentes, o que constitui uma técnica que permite direcionar o AG para
vdrios sub-objetivos. Usando estas técnicas, descritas e desenvolvidas neste trabalho, varios

circuitos sintetizados pelo AG foram apresentados e discutidos nesta tese.
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CHAPTER 1

Introduction

This chapter introduces the motivation and main objectives of this work.

It also presents the main research question and its hypothesis.

1.1 Background and motivation

Currently, analog circuit design is still essentially based on specialized designers and is
often considered an art [Williams, 1998, Ferent and Doboli, 2011]. This design work is
generally geared toward the reuse of well-known topologies in new circuit functions or
to improve existing circuit topologies [Jiao and Doboli, 2015] and, less often, to create
new circuit topologies. But these procedures not always achieve the best performance
within the shortening design-to-market cycle time. Furthermore, as the technology is
heading to deep sub-micrometer sizes, the present circuit topologies and design methods
are often not good enough to completely fulfill the final circuit high-end specifications.
It is imperative to develop a systematic and automatic method to generate new circuit
topologies that combines high efficiency with complete specs fulfillment, accommodates
submicron technology constraints, and reduces the trial and error cycle of the circuit design

life cycle.

Typically the process of analog circuit design for Integrated Circuits (ICs) has three dis-
tinctive stages: choice of topology, component sizing and layout generation [Sorkhabi and
Zhang, 2017,Lourengo et al., 2016, McConaghy et al., 2009,Ziga Rojec et al., 2019]. For
some years now, the synthesis of digital circuits has been almost fully automated [Faragd
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et al., 2014], but analog ICs or the analog part of modern Mixed-Signal System-on-a-Chip
(MS-SoC) still take a lot of human intervention in the topology choice stage in spite of the
research effort of the past few decades in the automated synthesis field. The typical analog
circuit design flow [Sorkhabi and Zhang, 2017, Lourenco et al., 2016] includes those three
phases with a highly iterative nature, which can be graphically represented in a diagram

such as the one shown in Figure 1.1 [Campilho-Gomes et al., 2024].

Typically, in analog circuit design, the topology selection stage is performed by a human
designer who, based on experience and knowledge, selects a topology that is believed
to provide the desired performance for the given task. The parameters of the circuit
components (such as resistance, capacitance, transistor length and width) are then sized so
that the circuit achieves the desired performance. This is often an iterative process that
involves changing one or more parameters, running a simulation, and evaluating the new
behavior of the circuit. If the circuit does not achieve the desired performance, it may
be necessary to select a different topology before repeating the sizing step. If this cycle
converges to generate a circuit that meets the specifications, we then move on to the layout
design stage. When things get complicated, it may be necessary to include the sizing stage
in this cycle, and in extreme cases even the topology selection stage may be called into play
(although it is more common to make only minor adjustments to the topology than to select

an entirely new one).

Since the early 2000s, when the System-on-a-Chip (SoC) “movement” was considered an
emerging phenomenon [Linden and Somaya, 2003], up to present days, when the popularity
of MS-SoCs is still growing [Datta et al., 2019], the market pressure for the development of
SoCs and MS-SoCs keeps increasing, driven by the conjunction of consumer demanding
and by the possibilities made feasible by new submicron technologies. The demand for high
performance embedded SoCs and MS-SoCs is steering designers to integrate increasingly
more IP cores on a single chip [Obaidullah and Khan, 2017] and to explore innovative
designs compatible with CMOS technology [Datta et al., 2019]. Many circuit topologies
used today have evolved in line with the reduction in CMOS device dimensions and have
been optimized according to the currently available technology; however, conventional

planar CMOS devices are approaching their scaling limits [Ratnesh et al., 2021].

The Electronic Design Automation (EDA) field, a trend in research effort for the past
three decades, targeted in technology roadmaps like International Technology Roadmap
for Semiconductors (ITRS) [ITRS, 2019,Kahng and Koushanfar, 2015], focuses in reduc-
tion of designer effort, minimization of time-to-market and minimization of production
costs [Farago et al., 2015]. Included in EDA, the subfield of Analog Design Automation
(ADA) deals specifically with analog circuits, and it also contains the three stages men-
tioned above: topology synthesis, component sizing and layout generation, though when
the circuit is not to be integrated the layout stage is replaced by a Printed Circuit Board
(PCB) generation stage.
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Figure 1.1: Typical analog circuit design flow.



The topology synthesis stage is the least developed stage in ADA. As the authors of [Sorkhabi
and Zhang, 2017] point out, “In most of the recent literature, topology selection is viewed
as an inferior choice that has stalled since the beginning years due to its severe weakness
(e.g., high computational effort and limited beneficiary applications)”. Automatic topology
synthesis of analog circuits is far from being a straightforward task and, despite having
received some research effort in recent decades, especially in the field of Evolutionary
Algorithms (EAs), it has not yet matured enough to become available in software packages

for the integrated circuit industry.

Previously, a divide-and-conquer strategy was used, as in [El-Turky and Perry, 1989]. In
this implementation the circuit is decomposed in predefined basic blocks, e.g., current
mirrors; input stage; output stage. In each block, at transistor level, the device sizes are
computed. Each basic block topology is selected using artificial intelligence (AI) rules in
combination with lookup tables. Setup time is the main disadvantage, since it is necessary
to create the Al rules and the lookup tables, or to adjust the existing ones, before design
starts. In this approach, the design problem does not consider the complete circuit as a

whole, but rather as a computation of sub-block tasks.

Another method of circuit synthesis, proposed in the late 1990s, includes a hierarchy based
approach design [Harjani et al., 1989]. This type of approach decomposes the system into
system blocks, then, each block into circuit topologies which then are sized. The circuit-
level sub-blocks are based on well-known, predefined, topologies that are sized to match
the circuit-level specifications computed to the respective sub-block. The computation of
sub-blocks specifications at higher level is based on a model of the sub-blocks that does
not take into consideration all the higher-order effects and some errors can be introduced.
This propagates specification discrepancy from system top level to circuit level. Moreover,
each sub-block at circuit level is designed independently, which can lead to a process of
back-annotation, if significant discrepancy between the estimated and computed circuit
performance results exists. Even considering the reuse of the knowledge of sub-blocks

already gathered, it requires a considerable time to design a new circuit.

Generally, and as an example, the state-of-art of amplifier circuit generation approaches
rely on performance estimation based on frequency-domain analysis, e.g., open-loop gain
(AOL), Gain-bandwidth product (GBW), Output voltage swing (OS), Slew-rate (SR), Power
Supply Rejection Ratio (PSRR), Common-mode Rejection Ratio (CMRR) just to mention
some. Although some of these parameters may be calculated explicitly, some parameters
can not be calculated in an easy way, typically, resulting in an unconstrained problem with

too much degree of freedom [Gielen and Rutenbar, 2000].

A time-domain analysis based methodology can significantly simplify the calculus for
circuit performance estimation. Considering the example of an amplifier, the time-domain
evaluation consists of, besides power dissipation and die area, the settling-time for a given

settling accuracy. Moreover, when a given settling-error is reached within a desired settling-
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time, it is automatically guaranteed that the amplifier has enough AOL, OS, SR, closed loop
bandwidth and closed loop stability.

For example, in switched-capacitor circuits the objective is to have a stable amplifier with
a given settling error, after a given available time. By analyzing the step response of the
amplifier it is possible to obtain a single key performance indicator (KPI) that encloses all
the traditional indicators, such as DC gain, GBW and phase margin (PM) [Santos-Tavares,
2010]. Following this approach, the amplifier design can be accepted just by checking if
the settling error is smaller than the desired value and that the closed-loop step response is
stable.

In this work research effort is focused on a generic flat circuit-level circuit generator. This
circuit generator is expected to handle circuit device elements, e.g., transistors and resistors,
and combine them to generate the complete circuit. Generically, the flat circuit-level
approach to automatic circuit synthesis is a more challenging task than the reuse and
cell-based approach, and becomes even more challenging as the complexity of the circuit
increases. But the flat circuit-level approach is probably more prone to generate new

topologies and achieve better results, even in the leading technologies.

1.2 Research question, hypothesis and approach

The generation of circuit topologies can be seen as a search and optimization problem and,
therefore, it can be performed with Genetic Algorithms (GAs). What is unclear is to what
extent this can be accomplished by a GA, particularly when handled at flat circuit-level
and in concrete for the case of CMOS amplifiers. If some human designed topologies can
be generated by GAs, perhaps these may also generate new topologies. As a natural result
of the development of amplifier design conducted to this day and also boosted by the
current submicron technologies used in today’s ICs, CMOS integrated amplifiers have high
efficiencies and very optimized specifications compared to the not-so-distant past. The

main research question adopted in this work is therefore:

Is it possible to generate new circuit topologies for CMOS amplifiers, at flat
circuit-level, in an automatic way (software generated), with optimized specifi-

cations and high efficiency at submicron technologies?
And the proposed hypothesis to address this problem and to guide the research effort is:

It is possible to develop a methodology and a software tool based in GAs to,
automatically, generate novel flat circuit-level topologies for CMOS amplifiers

with high efficiency at submicron technologies.

The research question and the proposed hypothesis enclose some other questions that will

be addressed in the course of this work, such as:

* To what extent does the canonical or conventional Genetic Algorithm (GA-c) is suited
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to circuit synthesis?

Since Holland’s presentation of GA-c there have been many developed variants for
the algorithm, and some may be more suitable for circuit synthesis than others. It
is unclear what are the actual limitations of GA-c when applied to analog circuit
synthesis, particularly to amplifier synthesis, so it is relevant to try to get some sense
of what can actually be accomplished by the GA-c before any of its variants are

considered.

* What circuit codification is best suited for analog circuit synthesis, namely for ampli-

fier topology synthesis?

It is well known that part of the difficulty of obtaining good results with GAs is to
choose a good codification scheme of the problem. Several coding schemes can be
used for electrical circuits, and it should be evaluated which one is best suited for

analog circuit synthesis in the specific context of amplifier synthesis.

* How multi-objective algorithms can contribute to better accomplishment of amplifier

specifications?

In amplifier design there are often conflicting objectives which can be handled in
more than one way. One such way is by using multi-objective search and optimization
algorithms, so it should be evaluated if it is possible to improve the performance of

the synthesis of amplifiers with these algorithms.

* How can variable-length chromosomes (VLCs) contribute to the GA’s ability to encode

circuits, and to what extent does it affect the quality of the topologies produced?

In GA-c all chromosomes have fixed length (constant quantity of genes) during the
execution of the algorithm. This imposes some restrictions on how the circuits are
encoded, namely it can restrict the existence of a variable number of circuit nodes
and circuit components, and thus may interfere with the GA overall performance
in circuit synthesis. A possible alternative is to use the VLC variant of GA, which
requires some changes in GA-c, as in the crossover operator, but which can allow an
elastic representation of the circuit by providing a mechanism capable of encoding

circuits of different sizes.

* How parallelization, and what kind of parallelization, can contribute to the outcome

of a GA when applied to circuit synthesis.

GAs may be highly parallelized and developed software to implement them should
use this characteristic. This is an important aspect of this work because the simulation
time may be a burden impossible to cope for in the context of a typical PhD time
frame. There are several models of parallel programming with threads and a few
must be considered, namely the boss/worker model, the peer model and the pipeline

model. Because of performance issues, the use of a thread pool design technique
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should be considered instead of the more usual thread create-destroy technique
which adds too much overhead to the process. Operating systems already optimize
several thread-related scheduling issues, but some parameters should be tuned to
specific software and hardware characteristics. For instance, the optimum number of
simultaneous running threads is strongly hardware dependent, specifically with the

number of available CPU cores.

1.3 Aimed contribution

The area of circuit synthesis had significant advances in the last two decades, but there is
still a lot of open space for development, with much to be done until one can present tools
that are able to replace a human designer in the synthesis of a representative and useful
number of analog topologies. Circuit synthesis with GA is still an open field for research,
with some published results in analog topologies, but few in amplifiers.

The design of analog circuits is typically accomplished by porting known topologies
to new fabrication technologies or circuit functions, or by optimizing existing circuit
topologies, and less often by creating new circuit topologies. In fact, due to the high
design complexity involved, the huge design space to be explored, the considerable design
expertise required, and the trade-offs between conflicting constraints, there are still no
widely accepted solutions for automated analog circuit synthesis, even at the research
level [Zhao and Zhang, 2020].

According to [Zhao and Zhang, 2020], in terms of implementation strategy, the existing
works on circuit topology generation can be classified into three categories: 1) knowledge-
based; 2) EA-based; and 3) construction-based; and none of these three categories is
absolutely perfect for circuit topology generation. It is difficult to say whether one of
these categories is better than the others, and research is still being done in all three
categories. The work presented in this thesis focuses on a variant of the so-called “string-
based topology generation” [Sorkhabi and Zhang, 2017], which is a problem codification
scheme for topology generation that falls into the EA-based category. In string-based
topology generation, a circuit is mapped onto a chromosome, which is an array of genes
corresponding to circuit components, and a GA is tasked with generating the topology. This
method simultaneously sizes components and generates the topology, a process frequently
employed in EA-based methods. The results of this process are then used to decide on
future changes to the topology.

This work aims to contribute to the pursuit of this line of research, with the intention
of finding out whether it would not be possible to go further with GAs in the automatic
synthesis of circuits, far beyond passive circuits, in particular for the generation of amplifier
circuits, without using any previously known building blocks as a way of promoting novelty
in topology generation. In order to provide answers to the research question, developed
software that implements a GA will be used to attempt the generation of analog circuits,
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namely of amplifiers. The main desired contribution of this work is a software tool capable
of generating amplifier circuits, given some specifications. Some sub-topics related to this

theme should be addressed which should generate their own contribution, such as:

* Evaluation of the feasibility of generation of topologies at a flat circuit-level, i.e., at
the component level like transistor, resistor and capacitor, with GAs.

* Evaluation of the adequacy of time domain analysis for amplifier synthesis.
* Evaluation of VLC adequacy in the context of analog circuit synthesis.

* Propose a suitable circuit codification scheme for GAs to be used in amplifier synthe-

sis.
» Evaluation of the adequacy of adopted model for parallelization of the GA.
* Evaluation of the need of multi-objective variants of GAs for amplifier synthesis.
» Evaluation of the ability of the software tool to generate new amplifier topologies.

Other expected contribution is added insight on various topics related to practical details
of the implementation of GAs in the context of analog circuit synthesis. Also, added insight
into limitations of GAs used in this context will inevitably arise and will be exposed in the

course of this work.



CHAPTER 2

Literature Review

This chapter presents a brief literature review in several topics related to
this work, namely genetic algorithms and its use in circuit optimization

and synthesis.

2.1 Electronic design automation

Electronic Design Automation (EDA) field has been been a key enabler of the semiconductor
industry’s growth for the past 50+ years, that enabled the modern computing era [Kahng
and Koushanfar, 2015]. It is a truly interdisciplinary field: “its abstractions, computational
models, algorithms, methodologies and tools” have drawn knowledge from a number
of areas like electric engineering, computer science, applied mathematics, operational
research, chemistry and physics [Kahng and Koushanfar, 2015], just to name the most
prominent. EDA field comprises all software tools that work together in the design flow of
an IC, performing synthesis, optimization, simulation and verification tasks across all of

the intervening levels of abstraction [Kahng and Koushanfar, 2015].

Inside the broad field of EDA is the subfield of ADA and in it there is one narrow area
of automatic analog circuit synthesis which aims the generation of circuit topologies by
software tools that received the circuit specifications. As mentioned in Chapter 1, in the
context of the integrated circuit industry, ADA is usually described as containing three
stages: topology synthesis, component sizing and layout generation. The two later stages

are more developed than the former one, which still requires a lot of human effort.
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Analog circuit design is often considered to be an art [Williams, 1998, Ferent and Doboli,
2011], made possible by solid engineering skills, designer talent, large knowledge of
building blocks and great ease in design reuse, all acquired through many years of experi-
ence [Gielen and Rutenbar, 2000]. Therefore, and not surprisingly, analog circuit design
automation is frequently referred to as a non-trivial task, and when compared to digital
circuit automation it is considered a harder task. Over the years, several authors often
refer these characteristics, either in a more objective and technical way [Harjani et al.,
1989, Carley et al., 1996, Gielen and Rutenbar, 2000, Jiao et al., 2015, Maji et al., 2016], or in
a less formal, even empathetic, way [Ferent and Doboli, 2011].

2.1.1 Analog vs digital design automation

In [Gielen and Rutenbar, 2000], Gielen and Rutembar say that “[...]analog design in
general is perceived as less systematic and more heuristic and knowledge-intensive in
nature than digital design, [...]” and that “Analog IC design is a complex endeavor, re-
quiring specialized knowledge and circuit design skills acquired through many years of
experience.” Continuing the comparison with digital circuits, they claim that “[... Janalog
circuits are more sensitive to nonidealities and all kinds of higher order effects and par-
asitic disturbances|...]” and conclude that “These differences from digital design also
explain why analog CAD tools cannot simply adapt the digital algorithms, but why specific
analog solutions need to be developed that are target to the analog design paradigm and

complexity.”

Earlier, back in the eighties, Harjani had already pointed out that “[...] it is clear that
we cannot directly import design methodologies from the digital domain into the analog
domain without significant changes.” [Harjani et al., 1989]. He also mentioned that in
digital design it is easier to isolate the higher levels of design from device level parameters
and layout constraints, and that in analog design it is almost the opposite, since the higher

levels of design can be quite markedly affected by nuances in the IC process.

2.1.2 Analog or digital? Both

Despite the enormous growth that the digital domain has had in recent decades in the
IC industry, highly driven by the microprocessor and memory market, the Analog and
Mixed-Signal (A&MS) ICs domain also grows, largely driven by the mobile phone market
for the last two decades and, more recently, much driven by the Internet of Things (IoT),
energy management, automotive, and medical markets [Martens and Gielen, 2008, Corp,
2015] [Martins et al., 2017, pp. 4-6] [McGrath, 2018].

As some authors have pointed out over the years [Gielen and Rutenbar, 2000, Lohn et al.,
2000], “[...]there are some typical functions that will always remain analog.” [Gielen
and Rutenbar, 2000] and it is clear that “[...]analog circuits are indispensable in all
electronic applications that interface with the outside world[...]” [Gielen and Rutenbar,
2000], because “[...] world is fundamentally analog in nature.” [Lohn et al., 2000] and

10



although it is probably true that “[...] the amount of digital design activity far outpaces
that of analog design,[...]” [Lohn et al., 2000] it is also true that “[...] most digital systems
require analog modules for interfacing to the external world.” [Lohn et al., 2000].

2.1.3 Analog and digital: CAD tools
In their year 2000 survey about Computer-Aided-Design (CAD) tools for analog and mixed-

signal integrated circuits, Gielen and Rutembar [Gielen and Rutenbar, 2000] state that “In
the digital domain, CAD tools are fairly well developed and commercially available]...]”
and that, by then, “[...] many lower-level aspects of the digital design process are fully
automated”. In contrast, “[...] the story is quite different on the analog side. There are not
yet any robust commercial CAD tools to support or automate analog circuit design apart
from circuit simulators [...] and layout editing environments and their accompanying

tools [...].”

Techniques for analog circuit design automation began appearing in the eighties [Lohn and
Colombano, 1998] and there are CAD tools for A&MS circuits commercially available for (at
least) the past two decades [Harjani et al., 1989,Carley et al., 1996, Ferent and Doboli, 2011]
but most deal with simulation and optimization routine tasks, like component sizing and
layout constructing (editing and verification), and some offer component sizing while being
layout aware, which means that the optimization includes parasitic effects of the integration
process [Doboli and Vemuri, 2003, Martins et al., 2012, Rocha et al., 2014][Martins et al.,
2017, pp. 4-6]. Until late eighties, the design of the analog section of a mixed-signal
Application Specific Integrated Circuit (ASIC) was made manually by the so called experts,
while the digital section was already designed, mostly automatically, by CAD tools [Harjani
et al., 1989]. But few CAD tools offer some kind of circuit synthesis for A&MS circuits.

2.1.4 Analog circuit synthesis

Works in analog circuit synthesis have been published since the eighties up to the present.
In 1989, R. Harjani developed a framework for analog circuit synthesis [Harjani et al., 1989]
in which CMOS operational amplifiers (opamps) and comparators were synthesized. This
framework is a knowledge-based analog circuit synthesis tool in which circuit topologies
are represented as a hierarchy of abstract functional blocks each with associated design
knowledge. In fact, this system relies on the existence of a number of mature design
topologies (called “styles” in this work’s nomenclature) at each level of the hierarchy, which

are an interconnection of abstract sub-blocks.

For instance, if a single-stage opamp was to be built, an existing circuit topology would be
selected, eventually consisting of a differential pair and several current mirrors as shown
in Figure 2.1. The system would then search in the knowledge-base for the sub-blocks
(differential pairs and current mirrors) that best fit the required performance and then
would try to size their components. The selection and sizing phases are integrated in an

iterative process.
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Figure 2.1: Harjani OTA circuit topology (adapted from [Harjani et al., 1989])

Another knowledge-based approach was presented in the same year in [El-Turky and Perry,
1989] which also relies on well known and matured circuit topologies to build the final
circuit, differing from Harjani’s framework in the hierarchical abstraction and sub-blocks

selection process, which is based on heuristics on both works.

In [Kruiskamp, 1995], topology selection and circuit sizing are performed simultaneously
by means of a GA. Like the previous works already mentioned, this is also a knowledge-
based approach since topologies are made up from basic building blocks. They used the
proposed methodology to synthesize opamps, assuming that the topology of an opamp
can be separated into three building blocks (an input stage, an optional second gain stage
and an optional output buffer) and providing several different topologies for each building
block.

Three years before, in 1992, Koza and his colleagues [Koza et al., 1992] introduced Ge-
netic Programming (GP), which they described as an extension of the GA developed by
Holland [Holland, 1975] (in which the population consists of computer programs) and
in 1997 they applied GP to automate the synthesis of analog circuits [Koza et al., 1997a].
In their work several analog circuits were successfully synthesized without resorting to a
knowledge-base. Each circuit had an embryonic circuit that was evolved by the algorithm
until, eventually, its pretended specifications were fulfilled. The SPICE simulator was used
to evaluate the circuits throughout the evolution process, either using AC small signal

analysis, operating point analysis or DC sweep analysis, as convenient.

One of the synthesized circuits by Koza and his colleagues in [Koza et al., 1997a] was a
crossover (woofer and tweeter) filter having a single input and two outputs, which had the
embryonic circuit depicted in Figure 2.2. In this circuit, only connections between points
A, B and C (i.e., connections AB, AC and BC) can be modified by the evolving algorithm.
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Figure 2.2: Crossover embryonic circuit (adapted from [Koza et al., 1997a]).

That embryonic circuit was evolved until the pretended specifications were fulfilled and

the resultant circuit is shown in Figure 2.3.

Figure 2.3: Crossover evolved circuit (adapted from [Koza et al., 1997a]).

One other synthesized circuit in [Koza et al., 1997a] was a circuit that produces an output
voltage equal to the cube root of its input. This circuit, composed of transistors, diodes,
resistors, and capacitors, is called a computational circuit. In the same year of 1997, Koza
and other researchers published another article entirely dedicated to the synthesis of
computational circuits [Koza et al., 1997b]. In this work they applied GP for both the
generation of the circuit topology and the sizing of all circuit components, and successfully
synthesized circuits for the cube root, square root, square, and cube functions, using a

fitness measure based on SPICE’s DC sweep applied to the evolved circuits.

On another article published in the same year [Koza et al., 1997¢], Koza and others also
published the results of one work with which they synthesized an amplifier using bipolar
junction transistors (BJTs), resistors and capacitors. Again, they used SPICE’s DC sweep to

evaluate all evolved circuits.

These works of Koza were a major breakthrough in the automated synthesis of analog
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circuits. Using GP, several circuits were successfully synthesized without resorting to a
knowledge base, having in their origin only a simple circuit called embryo circuit and using

SPICE to evaluate the synthesized circuits.

In Koza works, the evolutionary algorithm (i.e., GP) has the same Darwinian base as
Holland’s GA but differs substantially from Holland’s algorithm in the way individuals (cir-
cuits) are codified, because in GP individuals are codified as programs, with a methodology
called “Circuit Constructing Tree”. Holland’s GA, also referred in the literature as GA-c,

encodes individuals (‘chromosomes’, in Holland’s terminology) as strings of "1s” and ’0s’.

GP is nowadays applied to many fields of engineering, besides being used in the synthesis
of electronic circuits. In this field of circuit synthesis, the works of Jonh Koza are probably
the most well known and cited (particularly those published before year 2000 [Koza et al.,
1997a,Koza et al., 1997b, Koza et al., 1997c] but also others published later [Koza et al.,
2000, Mydlowec and Koza, 2000, Koza et al., 2008]), however there are other authors with
published work that also use GP in the synthesis of electronic circuits [Sripramong and

Toumazou, 2002].

In [Zebulum et al., 1998], R. Zebulum and others were able to synthesize two analog filters,
a low-pass filter and a stop-band filter, using a GA. They used fixed-length chromosomes
(FLCs), as is specified in Holland’s GA, but also tested for VLCs, which means the codifica-
tion of individuals does not have a constant number of genes. For circuit evaluation they
used SPICE and, in some cases, “[...]a hand written simulator, the SMASH simulator, from

Dolphin corporation]...]” [Zebulum et al., 1998].

In the same year, J. Lohn and S. Colombano [Lohn and Colombano, 1998] also used a GA to
synthesize analog filters (two low-pass filters), employing VLCs. They tested a technique
with a different codification paradigm than Zebulum, in which they codified component
values and placement altogether, and also created their own mutation operators, adapted
to the codification procedure. As Zebulum, they used SPICE to evaluate evolved circuits.
In this proposed technique, the circuit is constructed between fixed input and output
terminals, as shown in Figure 2.4, which in fact constitutes an embryonic circuit (depicted
components in Figure 2.4 remain unaffected by the evolution process, which affects only
the connection between points A and B). The resultant circuit after evolution is shown in

Figure 2.5.

Although their technique is topology-limited (as they clearly state), the ability of the

proposed system to produce useful circuits was demonstrated.

These works [Zebulum et al., 1998, Lohn and Colombano, 1998], both published in 1998,
one year after the works of Koza and colleagues, are, as well as Koza’s works, important
milestones in the application of evolutionary strategies to the synthesis of analog circuits,
not only because the GA was applied successfully to the synthesis of analog circuits but

also because the VLC technique was introduced in circuit synthesis, also successfully.
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Figure 2.4: Low-pass filter embryonic circuit (adapted from [Lohn and Colombano, 1998]).
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Figure 2.5: Low-pass filter evolved circuit (adapted from [Lohn and Colombano, 1998]).

Many subsequent papers published by numerous researchers are based on those late 1990s
works of Lonh and Koza (and colleagues). Both approaches, either using GAs or GP for

synthesis of analog circuits were pursued and, eventually, improved in some way.

In 2001, C. Goh and Y. Li [Goh and Li, 2001] pursued the synthesis of analog filters based
in GA. They used FLCs, employing a special gene they called “NULL” to encode the absence
of a component, which allows a variable number of components in the real circuit. They

also introduced new operations to be executed in the mutation phase of the algorithm.

In the same work the authors also tested embryo circuits embedded with a priori knowledge
of the pretended outcome. They considered it a better starting point for the evolution of
circuits because it reduced the number of faulty circuits produced during the evolutionary
algorithm execution, thus reducing the time taken for the whole process to find a suitable
circuit. However, as other authors point out [Lohn et al., 2000, Yuan and He, 2010],
assuming little or no prior knowledge is not necessarily an algorithm weakness. It may be
an advantage for evolutionary design algorithms since it may enhance the exploration of

novel designs leading to new circuit topologies.

Later, in 2006, Y. Sapargaliyev and T. Kalganova [Sapargaliyev and Kalganova, 2006a,
Sapargaliyev and Kalganova, 2006b,Sapargaliyev and Kalganova, 2006¢] tried to reduce the
computational effort allocated to the so-called preprocessing phase (therefore reducing the

total execution time of the synthesis procedure). This preprocessing phase is a procedure
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that precedes the evaluation of a circuit and is responsible for validating circuits for
simulation (it tries to avoid initiating the simulation of circuits that the simulator considers
invalid). This preprocessing procedure is usually based on verification of several circuit-

structure-checking rules, avoiding submitting invalid circuit netlists to simulation.

When an invalid circuit is spotted in that preprocessing phase, several procedures may
follow. For example, some authors choose to “throw away” the circuit, evaluating it with a
very penalizing evaluation fitness value, but other authors try to fix the problem so that the
circuit becomes fit to be submitted to simulation. However, in some works of Sapargaliyev
and Kalganova [Sapargaliyev and Kalganova, 2006a, Sapargaliyev and Kalganova, 2006b,
Sapargaliyev and Kalganova, 2006¢] the preprocessing phase was reduced to a minimum,

and their version of a GA still managed to successfully synthesize several analog filters.

The authors have called absolutely unconstrained evolution to this circuit netlist generation
process during which no circuit-structure-checking rules are applied and all circuits are
submitted to simulation. However, as the authors point out, they still applied two circuit-
structure-checking rules: detection of elements with dangling nodes and with isolated
subcircuits. And for these circuits the authors still used some “mending” procedures,

connecting dangling nodes to ground with 1 G2 resistors and removing isolated subcircuits.

Combined with mutation operators defined by the authors, the VLC technique was used in
these works, either in a mode in which the size of the chromosome can increase but cannot
decrease, which the authors called increasing length genotype, or in a mode in which the size

can either increase or decrease, that the authors called oscillating length genotype.

In 2010, the same authors tried the synthesis of other analog circuits in addition to filters,
also based in GAs. In [Sapargaliyev and Kalganova, 2010a] they succeed in synthesizing
an analog circuit with 138 components. These components were chosen among bipolar
transistors (either npn or pnp), resistors, capacitors and inductors and both the topology
and the component sizing were evolved by the GA. This circuit, an 8-output voltage
distributor, which had its embryonic circuit as shown in Figure 2.6, was synthesized by
a GA "tweaked’” with a few 'novelties’ if compared to the GA-c (i.e., Holland’s original, or
canonical, GA). The oscillating length genotype was used and the mutation phase included a
substructure reuse operator. This operator copies part of a circuit to another location of the
actual circuit and is able to replicate it entirely, which is very handy in this problem since

it enables a fast creation of a subcircuit that generates another output.

In fact, using this feature, the 8-output voltage distributor circuit synthesized in [Sapargaliyev
and Kalganova, 2010a] was evolved in eight steps: first the circuit that generates one output
was evolved, and when this task was completed the whole circuit was cloned, so that
another output was generated. This circuit would then undergo another evolution stage
in order to adjust itself to its specifications. This process was repeated until all eight
outputs were generated and the authors called it incremental evolution. During the overall

synthesis of all eight circuits, the fitness function is being adjusted in order to include the
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specifications of each output, so the authors called this fitness function a dynamic fitness

function.

The circuit to be synthesized in [Sapargaliyev and Kalganova, 2010a] is an active circuit, so
the respective embryo circuit would need some sort of power supply. This one had two DC
voltage sources available, one of 1.5V and another of 15V (as depicted in Figure 2.6), and

it was up to the GA to “choose” either one or both sources.
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Figure 2.6: 8-output voltage distributor embryonic circuit (adapted from [Sapargaliyev and
Kalganova, 2010a]).

Using the same techniques, like the substructure reuse already referred, applying oscillating
length genotype, and “tweaking” the GA with novel mutation operators, the same authors
published (in the same year of 2010) interesting results regarding the synthesis of some
analog computational circuits [Sapargaliyev and Kalganova, 2010b]. Like Koza did in [Koza
et al., 1997b], they also synthesized circuits for the cube root, square root, square, and cube
functions, but instead of using GP (like Koza did) they used a GA.

In [Sapargaliyev and Kalganova, 2010b], all four computational functions were successfully
accomplished by evolved circuits using only resistors and bipolar transistors (either npn or
pnp) and they all performed better, the authors claim, when compared to Koza’s evolved
circuits, namely because they used less components and had less averaging error. As well
as the embryonic circuit of Figure 2.6, the embryonic circuit used for the synthesis of these
computational circuits also had power supply sources available, although in this case the
authors used two symmetrical DC voltage sources of 15V and —15V, as shown in Figure
2.7. Circuit fitness evaluation was done by PSPICE performing transient analysis using an
input voltage source swept linearly in 0.2 s from 0 to 500 mV for the square root function
and from —250mV to 250 mV for the other functions.

As an example, the evolved circuit for the square root function is depicted in Figure 2.8.
This circuit shares its ‘oddity’ with many evolved circuits. Evolved circuits often have
unconventional designs and are not always easy to understand [Thompson and Layzell,
1999, Sapargaliyev and Kalganova, 2010b] and they seldom “[... ]Jproduce novel yet useful
topological design features” [Ferent and Doboli, 2011]. Nevertheless this circuit fulfills
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Figure 2.7: Square root embryonic circuit (adapted from [Sapargaliyev and Kalganova,
2010b]).

the intended specifications and is evidence that the proposed methodology can produce

functional circuits.
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Figure 2.8: Square root evolved circuit (adapted from [Sapargaliyev and Kalganova, 2010b]).

Other computational circuits were successfully synthesized by H. Karci and colleagues
in [Karci et al., 2016]. Using a modified GA they tested the synthesis of circuits for the
Gaussian, sigmoid, cube and square functions. The aim of the paper was to introduce a
modification to the GA-c that would improve its local search capability. The authors called
this a 'speciation’ procedure, which is in fact a new selection operator that the authors claim
to produce better results without additional circuit simulation, which is usually the large
computational load of a GA oriented for circuit synthesis. Regardless of the appreciation
that can be made about the real improvement achieved with this new methodology, this

work renews and reinforces the evidence of the potentiality of GAs in circuit synthesis.

Although GAs have been and continue to be used by many researchers in analog circuit
design automation, and while many published works focus on a single algorithm, there are

also works that use multi-algorithm approaches [Liu and He, 2012] and others where the
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authors looked for other methodologies to tackle the problem.

2.1.4.1 Other trends in circuit synthesis

Although Holland’s work published in 1975 is undoubtedly a very important milestone in
evolutionary computation methods, earlier works have been proposed that employ Darwin’s
evolution theory [Box, 1957, Bremermann, 1962]. It is mainly due to recent advancements
in computer technology that much research effort has been channeled into the field of GAs,
with emphasis in the development of new GA-based optimization strategies [Zhang et al.,
2007].

In the last two decades, CAD tools for circuit sizing and layout design had a significant
advance but devising or refining circuit topologies remains difficult [Jiao et al., 2015]. GAs
and other evolutionary algorithms [Maji et al., 2016] played a relevant role in this advance
and although these approaches “[...] can, in theory, evolve any circuit topology, in reality,
creating performance-efficient yet minimal structures is hard as it involves searching an
open-ended, widely extensible, and strongly discontinuous solution space.” [Jiao et al.,
2015].

So, although the evolutionary algorithms path is still being explored for circuit synthe-
sis [Karci et al., 2016, Ushie et al., 2017], other methodologies are also being presented
and tested by some authors. In [Ferent and Doboli, 2014a], Ferent and Doboli propose a
new methodology to describe a circuit (named Ordered Node Clustering Representation
(ONCR)). This methodology is in fact a graph that allows for identification of structural

similarities and differences of circuits.

In the same year, in [Ferent and Doboli, 2014b], a new approach for circuit topology
selection and refinement is proposed by the same authors, which is based in a reasoning-
like process using the ONCR methodology. In this approach, circuit features are selected in
successive steps from a large pool of existing circuit designs in order to improve the circuit
performance. The authors claim this procedure emulates designer reasoning by identifying

the structure causing performance limitations and attempting to locally modify that circuit
topology.

In a not too far away research path, and still in the same year, Doboli and Umbarkar [Doboli
and Umbarkar, 2014], through an experimental study grounded in cognitive psychology,
try to envisage what is design creativity in electronic embedded systems and what drives
it in human based circuit synthesis. They specifically study the influence of what they
called “precedents” on the novelty, variety, quality, and utility of design solutions, and
define “precedents” as solutions and solution features that are available to solve a problem
(including those that become available during the iterative solving process in the context of

team work).

One vyear later, Jiao, Montano and Doboli [Jiao et al., 2015], based in those previous

works [Ferent and Doboli, 2014a, Ferent and Doboli, 2014b], propose a new topology
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synthesis method. This method does not use a GA and needs a large pool of existing circuit
designs, but is capable of generating “circuits beyond the capabilities of existing topology
synthesis algorithms”, the authors claim, and the synthesized topologies are similar to

designer-created circuits.

2.2 Genetic Algorithms in EDA

Genetic Algorithms (GAs) are search and optimization algorithms based on the mechanics
of natural selection and natural genetics [Goldberg, 1989, pp. 1]. They were developed
by J. Holland and colleagues [Holland, 1975] in the early seventies and today have broad
application in the areas of business, engineering and science. A GA is a heuristic method
that mimics the natural evolution process by applying what is referred as Darwinian natural
selection or the principle of survival of the fittest, and it has the ability to operate in large,
complex and highly constrained search spaces while exhibiting a good capacity to escape
local minimum and insensitivity to initial conditions [Farago et al., 2015, Rajasekaran and
Pai, 2017].

GAs belong to the larger group of EAs, which constitute a class of stochastic search and
optimization methods that simulate the process of natural evolution [Nicosia et al., 2008].
The EAs group is itself part of broader area of computer science concerned with designing
intelligent computer systems that is Artificial Intelligence [Rajasekaran and Pai, 2017].
Perhaps one of the most relevant differences between EAs and classical optimization
algorithms is that EAs use a population of candidate solutions in each generation, instead
of a single solution, and the outcome is a population of possible solutions [Nicosia et al.,
2008]. Another difference is that in EAs there is no restriction on the objective function
(or functions): it can be non-differentiable or even discontinuous and there is no need to
know its exact form, therefore its evaluation can be accomplished by simulation [Nicosia
et al., 2008]. For some authors, GAs are generically superior to some classical optimization
algorithms, like gradient descent techniques, for locating the global optimal solution [Zhang
et al., 2007].

Currently, EAs are unavoidable in EDA tools [Afacan et al., 2021] and are used in circuit
synthesis, sizing, and optimization for numerous problems [Passos et al., 2018, Passos
et al., 2019, Beaulieu et al., 2023, Afacan and Dundar, 2019, Domingues et al., 2022]. The
simulator-in-the-loop paradigm is often used in EDA tools, and is acknowledged the way to
go in recent (and also in not so recent) works [Afacan and Dundar, 2019, Domingues et al.,
2022, Krasnicki et al., 1999, Phelps et al., 2000].

In EDA, GAs have been used in several of its stages. In [Farago et al., 2015] they were used to
optimize two design stages, sometimes referred as “Nominal design” and “Design for yield”.
The so-called “Nominal design” stage is concerned with “performance”, i.e., fulfillment of
the circuit specifications, which basically consists in finding a set of component’s values

of a given circuit topology that satisfy those specifications. “Design for yield” is in fact
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design for robustness, commonly related to manufacturing non-idealities, like process
imprecisions and silicon crystal defects [Nicosia et al., 2008]. Whereas “Nominal design”
stage is often supported by DC, TRAN and AC analysis in SPICE like circuit simulators,
“Design for yield” stage is usually supported by Monte Carlo, corner and worst case

simulations [Farago et al., 2015].

2.2.1 Genetic Algorithms in circuit synthesis

In a GA there is this notion of a population. In GA nomenclature, a population is a set
of individuals, also called chromosomes, each one encoding a candidate solution to the
problem being addressed. Each chromosome has several variables, also called genes, that

build the search space.

Figure 2.9 contains a diagram of a typical application of a GA in circuit synthesis, where

the various stages of the algorithm are depicted.

2.2.1.1 Encoding an individual

Starting the algorithm, a population is built by initializing all genes on each chromosome,
usually in a randomly fashion. This is the initial generation. Typically, in circuit synthesis
context, each chromosome encodes one circuit which is a possible candidate to fulfill a
set of specifications. Problem representation, which translates to individual encoding in
GAs, is a major component [Whitley, 1994] of GAs application to a concrete problem, and
therefore encoding a circuit in a GA is a topic frequently discussed and object of significant
research effort [Kruiskamp, 1995, Koza et al., 1997a, Lohn and Colombano, 1998, Lohn
et al., 2000, Sapargaliyev and Kalganova, 2010b].

2.2.1.2 Fitness

The level of specifications fulfillment performed by each chromosome is assessed at the
next stage of the algorithm, entitled Fitness evaluation in Figure 2.9, in which a fitness
measurement (often a single floating point value) is assigned to each chromosome according
to a defined fitness function. This fitness value may be seen as a figure of merit (in which
case higher is better, and the value is often in the interval [0, 1]) or a cost value (in which

case lower is better and the value is often in the interval [0, +oo[).

In circuit synthesis context, as well as in several CAD tools for A&MS, fitness computation
is frequently accomplished in a software basis, either using a circuit simulator like SPICE
(or one of its manifold variants like HSPICE®[Synopsys, 2017], ELDO®[Mentor Graphics,
2009] or NGSPICE([SourceForge, 2019]) or using a somewhat simplified equation set that
models circuit components well enough (considering the circuit specifications)[Carley et al.,
1996, Vaz et al., 2001, Paulino et al., 2001,]Jr et al., 2014, Ushie et al., 2017], or even a mix of
these two approaches [Faragé et al., 2014].

In A&MS, hardware based fitness computation is seldom mentioned (in [Torresen, 2004],
the author refers the possibility of Field Programmable Analog Array (FPAA) usage but
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Figure 2.9: Genetic algorithm in circuit synthesis and optimization.

doesn’t mention any works that actually uses them). However, in digital circuits, fitness
computation is sometimes accomplished directly in hardware, using an Field Programmable
Logic Array (FPGA) [Salvador, 2016] or even an ASIC [Torresen, 2004] or, as in earlier
works like these [Iwata et al., 1996, Kajitani et al., 1996], using a Field Programmable
Device (PLD). This is sometimes called intrinsic evolvable hardware or online hardware
evolution or even online fitness computation, because evaluation takes place in the target
device, as opposed to evaluation on a computing system other than the final device, which
is sometimes called extrinsic evolvable hardware, offline hardware evolution or offline fitness
computation [Iwata et al., 1996, Torresen, 2004, Salvador, 2016].

In software based fitness computation systems there are many processes for calculating
the fitness of a chromosome that codifies a circuit. Of the most used when there is only
one variable to be optimized (i.e., single objective design problems with one decision
variable), there are two that stand out by the frequency with which they are mentioned
in the literature: one process, represented by function f; in eq. (2.1), uses the sum of the
absolute value of the difference of the individual’s achieved value x; and the desired output
X;, over all N evaluation (or sampled) points [Lohn and Colombano, 1998,Lohn et al., 2000],
and the other, represented by function f; in eq. (2.2), uses the mean square error [Liu and
He, 2012].

1 N 1 N
fit)=5 ) =i (2.1) fi=5) =% (22)
f:l 121

These objective functions are meant to be minimized by the GA (so they may be imple-
mented without the 3§, normalizing factor) and are used in numerous design problems.

For instance, the filter presented in Figure 2.5 was synthesized using an objective function
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like f; in eq. (2.1), using amplitude voltage values from an AC simulation performed in
SPICE [Lohn and Colombano, 1998]. In [Zebulum et al., 1998] a similar function was used
to synthesize another low-pass filter but a weighted sum was used, in order to emphasize
the importance of some frequencies to the detriment of others, so eq. (2.3) was used instead
of eq. (2.1).

1 _
filtw) =5 ) Wil - (2.3)
i=1

The weights used in eq. (2.3) are usually constant during the evolution of the circuit but can
be adapted (changed) along the execution of the GA [Dendouga and Oussalah, 2015, Serra,
2017]. This can be done to try to guide evolution to first do a “course” search and later
a “finer” search, in order to first find a non-optimal solution and later an optimal (or
near-optimal) solution. The weight’s dependence with the evolution of the circuit, i.e., with
the progress of the algorithm, is represented in eq. (2.4) by the weight’s dependence over
time, W;(t). In this context, “time” means algorithm generation or iteration, therefore it has
a discrete nature. In the bibliography on GAs, the terms generation and iteration are often

used interchangeably and will also be used as such throughout this document.

N
filet =1 Y Wildl - (2.4)
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Another way to try to guide evolution in the GA is to slowly change the desired value
towards a more demanding but more relevant value during the GA execution [Serra, 2017].

This can be represented by a time dependence of the desired value, as depicted in eq. (2.5).

N
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To try to direct the evolution of a GA with the methodologies afore mentioned is not always
a successful endeavor, and must be applied with caution since it can transform a convergent

algorithm into an erratic, non-convergent one.

Design problems can have more than one objective function, which may be combined
somehow in a single objective function as was accomplished in the synthesis of the two-
output filter of Figure 2.3. In this problem the goal was to minimize two functions (each

related to each of the circuit outputs) with the format of eq. (2.6) and (2.7).

z
z
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Since the algorithm is not prepared to use more than one fitness function, those two

functions were aggregated in one, by summing them with equal weights (eq. (2.8)), creating
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f5 which was the actual fitness function that was minimized in [Koza et al., 1997a].

f3(x1,x0,t) = fi(x1, 1) + fa(x2, t) (2.8)

In eq. (2.8), both f; and f, contribute in the same way to f; but in other problems functions
f1 and f, could have different relative “importance” so there could be interest in using a

weighted function sum, in which case eq. (2.9) would be used instead of eq. (2.8).

f3(x1,x0, 1) = Wy, fi(xq,£) + Wy, fo(x2, 1) (2.9)

Equation (2.9) can be rewritten in a more generic format (and losing dependence with ¢
for the sake of simplicity) as eq. (2.10), where M objective functions are aggregated into a

single one, as is often done to solve many problems with GAs.

M
fri® =) Wi fi(®) (2.10)
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In GAs, it is common practice to combine objective functions in an overall objective
function, often obtained by weighting several goals (but there are other techniques used
for the same goal [Bechikh et al., 2017]). This has the effect of concealing the eventual
existence of conflicting goals, taking away from designers the freedom to choose among
different, equally feasible solutions [Nicosia et al., 2008]. For instance, in IC design, typical
objective and constraint functions are gain, bandwidth, area, noise, speed, linearity or
power consumption expressed as a function of design parameters, such as transistor sizes,
resistor or capacitor values, inductor geometry, etc, and often some of these constraints
conflict, i.e., improving one worsens another [Goh and Li, 2002, Nicosia et al., 2008]. So, as
any designer knows, trade offs have to be done. Although significant portion of research
and application in the field of optimization considers a single objective, most real-world
problems involve more than one objective [Deb, 2001, Bechikh et al., 2017] and some of

these objectives can interfere with each other with conflicting behaviors.

As mentioned before, one of the most relevant differences between EAs and classical
optimization algorithms is that EAs use a population of candidate solutions in each iteration,
instead of a single solution, and the outcome is a population of possible solutions [Nicosia
et al., 2008]. So, when an optimization problem involves more than one objective functions,
there may be several optimum solutions, which should be identifiable in the outcome
population. This is not possible in a canonical GA but it is achievable with other algorithms

that perform what is known as multi-objective optimization.

Inside the group of EAs, multi-objective optimization is the subject of Multi-Objective
Optimization Evolutionary Algorithms (MOOEAs) (also referred in the literature as Multi-
Objective Evolutionary Algorithms (MOEAs)), which comprise a set of techniques to find
multiple trade-off solutions using EAs. MOOEAs have gained wide interest and success in
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solving multi-objective problems for several reasons.Two of the most prominent, according
to [Bechikh et al., 2017], are: MOOEAs allow finding several members of the Pareto optimal
set in a single run of the algorithm; MOOEAs are less susceptible to the shape of the Pareto

front than other algorithms.

Research in the field of MOOEAs recedes at least into the early eighties, with the work
of David Shaffer often referred to as one of the first relevant steps [Deb, 2001]. In 1984
he presented the Vector-Evaluated Genetic Algorithm (VEGA), a modified version of a
canonical GA, which showed that it was possible to develop techniques based in GAs that
were able to find multiple trade-off solutions [Schaffer, 1985].

Not much later, in 1989, David Goldberg devised the use of the concept of domination in a
modified GA [Goldberg, 1989], which led to further development by numerous researchers
across the globe to date, leading to several implementations of MOOEAs [Konak et al.,
2006], of which MOGA [Fonseca and Fleming, 1993], NPGA [Horn et al., 1994], NSGA,
SPEA, NSGA-II [Deb et al., 2002] and MOEA/D [Zhang and Li, 2007] are a few well known
examples. Using MOOEAs classification presented in [Bechikh et al., 2017, pp. 26-27], the
first three can be classified as first generation algorithms (they were developed before 1995
and do not use elitism), the next two are classified as second generation algorithms (they
were developed between 1995 and 2002 and use some form of elitism) and the latter is a
third generation algorithm (these are algorithms developed after 2002 that use an approach
concerned with the diversity along the Pareto front).

It should be noted that multi-objective optimization methods are sometimes classified
under two main categories: weighted (or aggregated) approaches and Pareto-based ap-
proaches [Goh and Li, 2002]. However, when several objective functions are aggregated
into a single one the algorithm handles only one function, so the optimization is performed
without awareness of possible multiple trade-off solutions. This leads to these methodolo-
gies being classified by some authors as being of a single objective nature instead of a true

multi-objective one.

In [Deb, 2001], K. Deb discusses this issue regarding the classification of these methodolo-
gies and notes that although single-objective optimization can be considered a degenerate
case of multi-objective optimization, the latter is not a simple extension of the former.
Furthermore, Deb notes, when an algorithm for single-objective optimization is used in
a multi-objective optimization problem (with an aggregated function) it ignores a funda-
mental difference between the two approaches: in multi-objective optimization there is no
single optimum solution, so (possibly) many optimal solutions are important and cannot
be discarded, as a single-objective optimization algorithm would do since it produces only

a single solution (and discards many other equally optimal along the way).

In EDA, usage of MOOEAs can be found in several fields, namely in generation and
optimization of IC layout [Martins et al., 2012, Rocha et al., 2014, Martins et al., 2017] and,

occasionally, in optimization of analog circuits, although not in the topology synthesis task;
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it has been used in the component values optimization task, as in [Goh and Li, 2002] where,
despite the title of the paper, the authors do multi-objective optimization, by the use of
NSGA-II, to optimize component values of an OTA, on an already defined circuit topology.

It is worth referring that what sometimes may seem a multi-objective situation in a circuit
synthesis problem is more likely just a single-objective problem with a constraint or, at least,
is a problem that can be handled using a single-objective function with a constraint [Deb,
2001, pp. 126-133] without loss of significance. An example of this situation is how power

consumption should be considered in some problems of circuit synthesis.

For instance, consider the evolved circuit depicted in Figure 2.10 : this circuit was syn-
thesized by a GA which used as objective function the intended logic table for a NAND
logic gate. In the execution of the GA, the variant NGSPICE [SourceForge, 2019] of the
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Figure 2.10: Evolved NAND circuit.

SPICE simulator was used to evaluate the fitness of each chromosome using level 1 model
for the MOS transistors. The best circuit synthesized by the GA is the one presented
in Figure 2.10 and in fact it fulfills the table of truth of a NAND gate according to the
simulator. But it presents a major drawback: when both inputs have logic values '1’, i.e.,
when V4 = Vg = Vpp, input A drains much more current (through Q,,, to ground) than is
necessary (and acceptable). This issue could be addressed with a multi-objective variant
of a GA using two objective functions: one function implementing the truth table for a
NAND gate and another function “measuring” the input currents. However this would be
missing the point: the input current is not a goal of the problem in itself, rather it works as a
threshold of feasibility. This comes from considering that all circuits that drain less current
than a desired threshold are acceptable (or feasible regarding the matter of the order of
magnitude of input currents), and all other circuits are not acceptable (or are considered
unfeasible) because they would drain too much current from whatever sources drive this

gate. So this issue would be better addressed if current drained from inputs is considered a
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constraint rather than an objective. Similar issues, related to excessive current drainage
from signal input sources or from power supply sources, may occur in analog synthesis
problems [Forstén, 2012] if circuits are evolved without power consumption awareness

somehow incorporated in the GA.

2.2.1.3 Fitness evaluation by circuit simulation

To evaluate the fitness of a chromosome that codifies a circuit, one or more simulations in
SPICE (or in one of its numerous variants) are often performed. In real problems, it is very
common that most of the computational time used in the synthesis of a circuit is taken by

circuit simulations, so it is relevant to try to shorten the duration of these simulations.

In fact, what is commonly called “simulation time” is actually “fitness evaluation time”,
and usually includes successful and unsuccessful simulations, the latter often being caused

by “poorly formed” netlists or by simulations with convergence issues.

Sometimes it happens that internal SPICE mathematical algorithms take a long time to
converge or they don’t converge at all, making it impossible to obtain a solution, at least
in a timely, useful manner. So, these simulation attempts are discarded, even though the

computational time has already elapsed.

It is not straightforward to predict convergence issues in SPICE just by analyzing what
seems to be a properly devised netlist, so their occurrence is a known problem [Sapargaliyev
and Kalganova, 2010b] that has to be dealt with by the circuit synthesizing program. This
program should be able to take appropriate action when either a simulation takes too long

or a simulation convergence error is issued by SPICE.

In order to reduce the possibility of a netlist being rejected by SPICE, it is quite common
to preprocess it after the chromosome has been decoded (which is when a preliminary
netlist is generated), but before it is actually submitted to SPICE for simulation [Koza et al.,
1997¢].

One procedure that often takes place in this preprocessing stage is eradication of nodes for
which there is no DC path to ground; and another one is removal of dangling components.
To eradicate nodes for which there is no DC path to ground, a large valued resistance is
often inserted between ground and that node [Koza et al., 1997c]. And removal of dangling
components is usually accomplished by spotting nodes in the netlist that have only one
connection, followed by deletion of the dangling component (this procedure must be
repeated until there isn’t any node with only one connection, since deleting one component

may produce another dangling component).

Preprocessing a netlist is frequently performed not only to reduce the possibility of a netlist
being rejected by SPICE but also to try to reduce simulation time. Although it is not easy to
calculate how the duration of the simulation varies with the number of nodes in a netlist, it

is reasonable to assume that, as a rule, simulation time increases with that number.
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In [Koza et al., 1997¢] it is estimated that simulation time increases in an approximately
sub-quadratic to quartic way. So, in order to accelerate simulations in SPICE, the number
of nodes in the netlist should be minimized, if possible. Some procedures often referred in
the literature to accomplish this goal include (but are not restricted to) substitution of all
series and parallel compositions of passive components by a single component [Koza et al.,
1997c].

Another way of reducing the number of nodes in a netlist is removal of isolated subcircuits,
which lowers the simulation time by the double effect of simultaneously reducing the

number of nodes and components.

The following schema summarizes these considerations:

Convergence issues (hard to predict).
Reduction :I::lz;ons Nodes‘without DC path to ground (use preprocess).
of time spent Dangling components (use preprocess).
in fitness Reduction of netlist nodes (use preprocess).
evaluation “Clean” Elimination of isolated subcircuits (use preprocess).
simulations | g;ylation time too long (hard to predict).

Preprocessing a netlist before submitting it to SPICE is a common procedure in circuit
synthesis software that relies in circuit simulation to evaluate the fitness of a chromosome
but this procedure also consumes time and the balance is not always positive. Therefore,
the amount of preprocessing to use is a topic always in discussion and some authors try to
aim their development efforts to variants of the Holland’s algorithm that do not use (or use

a minimum of) netlist preprocessing [Sapargaliyev and Kalganova, 2010b].

2.2.1.4 Fitness evaluation by circuit simulation: what analysis?

Part of the design difficulty of amplifiers, namely operational amplifiers (that are usually
intended to operate with negative feedback), is to optimize the location of poles and
zeros of the transfer function so that intended specifications like open-loop gain, closed
loop bandwidth and closed loop stability are achieved. In some published works this
optimization is accomplished doing time-domain automatic analysis [Tavares et al., 2003,

Santos-Tavares et al., 2008, Héctor et al., 2010], and GAs may be used in this optimization.

Time-domain automatic analysis, frequently done using a SPICE like circuit simulator,
is also preferred by some authors over a usually faster DC analysis [Mydlowec and Koza,
2000, Sapargaliyev and Kalganova, 2010b]. In [Mydlowec and Koza, 2000], Mydlowec
and Koza expose work where some computational circuits (squaring, square root and
multiplier) are synthesized using GP, and they claim that however “[...]DC sweeps have
the advantage of being considerably less time-consuming than time-domain simulations.”
they do not necessarily “[...]lead to robust circuits that correctly perform the desired
mathematical function over time.” [Mydlowec and Koza, 2000]. The work presented in this

paper can be seen as a development of their previous work presented in [Koza et al., 1997b],

28



where another set of computational circuits were synthesized but, at that time, the fitness
evaluation was accomplished by DC analysis (according to their definition, computational
circuits are “[...]Analog electrical circuits that perform mathematical functions|...]”).
And in [Sapargaliyev and Kalganova, 2010b], the authors also apply transient analysis
to evaluate some computational circuits (squaring, square root, cubing and cubic root)
as a way to maximize the number of valid chromosomes in each population “Due to the
tolerance that transient analysis express to the same circuits that under DC analysis are

treated as unconvergent,[...]".

2.2.1.5 Finishing the algorithm

GAs are iterative algorithms, in which each iteration produces a new population, called a
generation, which will have fitter individuals (chromosomes) than the previous one. As seen
in the diagram of Figure 2.9, the next stage of the algorithm is the decision as to whether or
not it is time to stop iterating. Naturally the algorithm must be interrupted if some form of

stop criterion is met. Common criteria to interrupt the algorithm are:

1) achievement of a fitness threshold by at least one chromosome;

3

4) execution time too long.

)

2) maximum number of iterations exceeded;
) No improvement in the last N iterations;
)

These are common criteria but many other criteria are also used.

2.2.1.6 Selection

In the next stage of the algorithm, referred as selection in Figure 2.9 but sometimes called
reproduction in the literature, the (already evaluated) population is evolved by a selection
technique, in which there is a higher probability of the fittest chromosomes to be selected
to contribute to the next generation. Other reproduction operators will later be applied
to these chosen chromosomes, producing the next generation. In some variants of the
algorithm, a few of these chosen chromosomes are simply copied to the next generation (in
a process called elitism). Selection and other reproduction operators maintain a constant
population size, which implies that in GAs all generations have the same number of
chromosomes (this is the rule for most implementations of GAs, although some variants

may change population size over time [Sripramong and Toumazou, 2002]).

The selection procedure itself does not create any new sample point in the search space:
rather, it is responsible for the survival of the fittest characteristic of GAs, and has an
“exploitation” effect as it reduces diversity in the population. There are several selection
techniques used in GAs [Whitley et al., 1989, Goldberg and Deb, 1991, Whitley, 1994,
Tomassini, 1995] and it is quite possible that new techniques will continue to appear as

long as GAs are used and enhanced.
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2.2.1.7 Crossover and mutation

The most common reproduction operators (other than selection) are crossover and mutation,
and both have numerous variants. The crossover operator uses genetic material from two
chromosomes to generate two new ones, by combining segments of their parents. Crossover
occurs only with some probability so not all selected chromosomes generate some offspring.
The role of crossover is to create new individuals recombining (hopefully good) genetic

material of others, thus sampling new points in the variable space.

After the crossover operator is applied, the mutation operator is executed for every chro-
mosome with some probability, usually low. If executed, it changes one or more genes of
that chromosome. The role of mutation is to keep diversity in the population, restoring
unexplored or lost genetic material into the population in order to widen the search area

and to prevent premature convergence to suboptimal solutions.

When the codification of a chromosome is a string of bits, as in GA-c, the crossover and
mutation operators are applied in a bit-oriented way. For the crossover operator this usually
means swapping fragments of binary strings. And for the mutation operator this usually
means that a random bit (or a few bits) is (are) flipped with some probability. But when the
codification of a chromosome is accomplished with real numbers (usually referred as real
coding as opposed to binary coding), which is done in many variants of GA-c, these operators
are no longer applied in a bit-oriented way. Rather, they are applied using several possible
functions [Goldberg, 1989, pp. 80-85] [Deb et al., 2007, Gaffney et al., 2010, Yoon and Kim,
2012] that generate offspring by changing one or more gene’s values of a chromosome (a

gene’s value is the value of one of the variables encoded in a chromosome).

It is well known that mutation and crossover probabilities significantly affect the behavior
and the performance of the GA-c [Zhang et al., 2007], so several authors use their own
method to calculate them. For example, in [Zhang et al., 2007] fuzzy logic is used to
adaptively adjust mutation and crossover probabilities. And in [Barros et al., 2010] a
dynamic mutation operator, equipped with an undo feature, is used that evaluates whether
the mutated chromosome has a better fitness, accepting the new chromosome if it does
but also accepting it with some probability if it does not. If it is not accepted, the operator
activates the undo feature, undoing the mutation. That probability is adjusted in a simulated
annealing fashion, which means that there is a higher probability of accepting fitness
worsening in the early iterations of the algorithm than in later iterations, promoting wider

search exploration first and local exploration later.

The terms exploitation and exploration have their own and autonomous meanings in the
English language, and some authors, such as Deb and Goldberg, use them to represent
related concepts in the context of GAs. They relate the concept of exploitation with the
loss of diversity that can occur in the GA due to too much selection pressure eventually
created by the selection operator (and also due to excessive elitism), and the concept of

exploration with the enhancement of population diversity that comes from the exploratory
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effect inherent in the mutation and crossover operators [Goldberg and Deb, 1991][Deb,
2001, pp. 93,100,116,414]. A good balance between the reduction and enhancement of
population diversity will allow a GA to have an adequate search property [Deb, 2001,

pp- 116].

2.2.1.8 lIterate to the next generation

The new generation obtained after the execution of the mutation operator must be evaluated,
so the process is going to be repeated, as shown in the diagram in Figure 2.9. This is the end
of an iteration and another will start so, if there is a generation counter in the algorithm
implementation, this is usually the moment (after mutation and before fitness evaluation)

to update it.

2.2.2 \Variable-length chromosomes

The extension of the GA proposed by Holland [Holland, 1975] with new concepts probably
began soon after the publication of Holland’s work in 1975, and indeed there are numerous
published works in this broad area. One class of extensions to the GA-c often referred to be
of interest in the field of circuit synthesis is the concept of a VLC. This concept is a model
that has been around for quite some time [Kajitani et al., 1996,Iwata et al., 1996, Zebulum
et al., 1998, Lohn and Colombano, 1998], and has been applied in several scientific fields
[Kim and de Weck, 2005,Brie and Morignot, 2005,Arora and Sinha, 2013,Deif and Gadallah,
2014, Pawar and Bichkar, 2015, Ni et al., 2016].

In GAs that use FLCs, all encoded candidate solutions in the algorithm are equal in length,
i.e., all chromosomes have the same number of genes. But in many problems it may be
impossible to know a priori which chromosome length is needed in order to be able to codify
one optimum solution. So, the execution of the algorithm may begin with chromosomes
with some length that is later adjusted during the evolution of the population. One
example of this difficulty of predicting which is the right chromosome length to codify one
optimum solution is what happens in some circuit synthesis problems where the number

of components (and nodes) in the final circuit is unknown a priori.

The use of VLCs in circuit synthesis tools is known since, at least, the works of John
Koza [Koza et al., 1992,Koza et al., 1997a,Koza et al., 1997b,Koza et al., 1997¢]. In these
works, based in GP, the depth of the trees used to represent the circuits define the length
of the associated chromosome. In other works not based in GP but that follow GA more
closely, VLCs are also used, as is in [Kajitani et al., 1996, Lohn and Colombano, 1998, Lohn
et al., 2000, Sapargaliyev and Kalganova, 2010b]. VLCs are also mentioned in works that
aim circuit synthesis but are not based in GAs. For eg. Yuan [Yuan and He, 2010] used
VLCs to synthesize DC amplifiers (DC-coupled amplifiers) based on a differential evolution
algorithm [Storn and Price, 1997].

VLCs poses some questions to the crossover and mutation operators, so these operators
are often adapted [Cavill et al., 2006, Hutt and Warwick, 2007, Stringer, 2007, Deif and
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Gadallah, 2014, Pawar and Bichkar, 2015] to work in populations with chromosomes that

don’t have a constant length.

Even though VLCs are commonly referred in circuit synthesis related works, they are far
from being an all-purpose panacea and in fact there are still many published works about
circuit synthesis that do not use VLCs and yet implement other extensions to Holland’s
GA. One such example is the work presented in [Karci et al., 2016] where the authors
present an extension to the GA that improves its local search capability applied to analog
circuit synthesis. In this work, which doesn’t use VLCs, a procedure to improve the
weak local search capacity of the GA is proposed, in which a speciation algorithm is
introduced. Basically, this speciation algorithm reinitializes the population if the best fitness
in the population falls beyond some threshold during evolution. This reinitialization is
accomplished by copying the best chromosomes to the rest of the population with only

minor changes (either in their electrical connections or in their values).

2.3 Automatic synthesis of amplifier circuits

In ADA, automatic synthesis of amplifier circuits has been a research topic for several
years, and several published works have pursued the generation of amplifier circuits
employing EA-based methods. In [McConaghy et al., 2009], very interesting results were
obtained using multi-objective selection (NSGA-II [Deb et al., 2002]) and other techniques
(GP [Koza et al., 1992], Age-Layered Population Structure (ALPS) [Hornby, 2006]), while
using a library of building blocks (among other types of components that can be used to
generate a circuit). In [Sripramong and Toumazou, 2002], several amplifier topologies are
generated with very interesting specifications, using GP and some additional techniques,
like a current-flow analysis that is a procedure used to identify and correct any faulty
design prior to simulation. Although single components (like transistors, resistors and
capacitors) are used to build the circuit, they also use a user-defined library of building
blocks.

In [Trefzer, 2006], circuit synthesis is performed at flat-level (i. e. at device-level, or as the
author says, “from scratch”), but using only transistors, available on an Field Programmable
Transistor Array (FPTA). This FPTA is used in-the-loop (i. e. inside the evolutionary
loop) to evaluate the generated circuits. More than one EA is used (a GA, a variant of a
GA, and a MOEA [Deb, 2001]), and the results are compared for the generation of logic
gates, comparators, square-wave oscillators, and very simple opamps. The latter resemble
elementary versions of a differential stage of an opamp, although, as the author points out,
“(...) it can be stated that, despite the EA did not discover any new groundbreaking design,
it is still an impressive result that the algorithm achieved to synthesize a differential input

stage (...) without prior analog design knowledge”.

A classic work in the field of ADA dedicated to the synthesis of CMOS amplifiers with
GAs is [Kruiskamp, 1995], where, as is typical for GAs, topology selection and circuit
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sizing are performed simultaneously. Although some very promising results have been
obtained, including not-so-simple amplifier topologies, the generation is entirely based
on building blocks, yielding results very much based on well-known classical topologies.
In [Zebulum et al., 2000], several techniques employing VLCs (also called Variable-length
Representations (VLRs)) in GAs are used to generate circuits at flat-level without any
use of building blocks. Several case studies are presented, namely for the synthesis of
combinational digital circuits (such as multiplexers, comparators and parity functions)
and passive filters (using resistors, capacitors, and inductors). However, only one result
about amplifiers is shown, an amplifier made of 7 transistors (BJTs of NPN and PNP type
with unknown characteristics) and although the authors claim a gain of 55dB, nothing is

mentioned about linearity, output offset, dynamic range or bandwidth.

Some authors use EAs that are not GAs to generate amplifiers, as in [Yuan and He, 2010],
which uses a variant of the Differential Evolution (DE) technique proposed in [Storn and
Price, 1997]. The original DE technique uses FLCs, but the authors of [Yuan and He, 2010]
adapted it to use VLCs and presented one amplifier with B]Ts and resistors without using
building blocks. This amplifier is claimed to have a DC gain of 63.16dB, an output DC
bias of 5.04 V, a power dissipation of 9.34 W, and a 3 dB bandwidth of 458.8 kHz. However,
these characteristics are obtained when the amplifier is used in a negative feedback shunt-
shunt topology [Sedra and Smith, 2014], which linearizes the overall system response and
increases its bandwidth. This is possible because the amplifier uses an inverter topology,
which results in negative gain, and allows the creation of a negative feedback topology
by using a two-resistor feedback network. Thus, it is not clear what are the open-loop
characteristics of the amplifier, namely nothing is said about its linearity and bandwidth.

Another application of the DE technique and some of its variants [Kennedy and Eberhart,
1995,Karaboga and Basturk, 2008] is presented in [Sabat et al., 2009], where a transconduc-
tance operational amplifier is fully sized and the performance of three EAs is compared. In
this study, the selection of the topology is left aside and is done beforehand by a human de-
signer, but the results are interesting because they show that even in isolation, the problem
of sizing is in itself a difficult one, since not all the algorithms tested succeeded in all the

specifications desired for the amplifier.

In [Wang et al., 2008], a combination of the divide-and-conquer approach [Torresen, 1998]
and GP, along with a proposed new circuit representation method based on a two-layer
evolutionary scheme, is used to generate circuits without building blocks. The authors
refer that the embryo circuit is given as a primitive individual of the circuit, but do not
present an example of such a circuit and are not clear about its randomness (or about the
relationship, if any, between the primitive individual and the generated circuit). The results
presented show an amplifier based on an ideal opamp, in a topology that uses both negative
and positive feedback achieved by resistor networks that have been synthesized by the
algorithm. However, the active components of the amplifier are “buried” inside the ideal

opamp, which is in fact a kind of building block. Another circuit shown is called a low-pass
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filter by the authors, but its frequency response is that of a band-pass filter. The circuit
consists of two amplifier stages, each with an NPN transistor, the first in a degenerate
common emitter topology and the second in a common collector topology. However, it is
not clear what exactly has been generated by the algorithm, although the achieved gain
(20dB) and high frequency cut-off (30 kHz) correspond to the desired (objective) values.

2.4 Conclusions

A relevant issue of the research hypothesis initially raised in this work concerns the ability
of a GAs (namely its canonical version, GA-c) to generate useful circuit topologies and,
eventually, new ones. This question remains largely unanswered in published work (known
to the author).

From early research works in the area of circuit synthesis with GAs until present time
there was an enormous evolution in computer power, but it is not clear how this affects the
results that may be expected nowadays, and why some lines of work are no longer followed
despite the computer power available. There seems to have been an initial enthusiasm that
later faded, probably because the results were no longer the desired ones at some point
along the way. But how exhausting was the research effort in each direction? What made
some research paths fade away? What kind of circuits cannot be synthesized by a GA?
What are the expected obstacles in automatic synthesis of analog and digital circuits? Is
synthesis at flat circuit-level a reasonable research path to follow or is it a chimera? Many

questions are still only partially answered.

What underlies these issues is that there still seems to be insufficient certainty about the
origin of the GA limitations in circuit synthesis: is it a unsurpassable limitation of the
algorithm itself or is it just a limitation resulting from computer power still insufficient to

produce the results we aspire to?

This work seeks to provide some contribution to answer some of these questions.
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CHAPTER 3

Circuit Synthesis with a Genetic Algorithm

This chapter describes the application of a GA in circuit synthesis, illus-
trated by some results and presenting some techniques that deviate the
implemented version of the GA from the original version, i.e., from GA-c.

3.1 Implementing and testing a genetic algorithm for circuit syn-

thesis

A relevant issue of the research hypothesis initially raised in this work concerns the ability
of GAs (namely its canonical version, GA-c) to generate useful circuit topologies and,
eventually, new ones, which is a question that remains largely unanswered in published

work (known to the author).

GAs are search and optimization algorithms which have been tested both for topology
generation and circuit optimization, as mentioned in Section 2.2. However, it is for circuits’
optimization that more applications are found that actually use GAs; its commercial use

for synthesis is not yet common.

This chapter describes the application of a GA to circuit synthesis, starting with the use
of GA-c and then progressing to variants that were considered to be better suited to this
problem. It will not be described here what a GA is, but how one was applied to the

problem of circuit synthesis.

The chain of actions executed by the GA used to solve this problem follows the flowchart
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already presented in Figure 2.9 but parallelism was used in some stages of the algorithm,
namely in the fitness evaluation stage, which is surely the most time-consuming stage of
the algorithm in the context of circuit synthesis. As there was capability to parallelize
code execution, parallelization was extended to other stages of the algorithm that are
asynchronous by nature, namely to the crossing and mutation stages, so a flowchart that

better illustrates the GA’s chain of actions is presented in Figure 3.1.
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Figure 3.1: Paralelism and fitness evaluation in the genetic algorithm.

In the fitness evaluation stage several instances of the circuit simulator are executed
simultaneously, using the default load distribution policy of a Linux operating system
which ends up running those instances in a basis of one per core (because the GA is
configured to use as many threads in fitness evaluation as available cores reported by the

operating system).

3.1.1 Using multi-threaded parallelism

GAs are highly parallelizable algorithms and there are several parallelization models that
can be adopted for GAs implementation [Whitley, 1994][Haupt and Haupt, 2004, pp. 137-
145]. In this work preliminary tests were performed to assess the suitability of the boss-
worker model and later its thread pool [Bradford et al., 1996, pp. 31-37] variant was selected
to run the implemented GA.

To use thread-level parallelism, programs must have a multi-threaded design. Program-
ming in a multi-thread model is highly prone to errors that are not easy to debug and that
are not found in a program that does not use any form of parallelism, such as race condi-
tions and deadlocks [Bradford et al., 1996, pp. 40-41, pp. 193-194], hence a potentially

heavy debug burden is normally expected.

To minimize the propagation of multi-threaded-related programming bugs to other stages
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of this work several tests were performed to achieve a satisfactory degree of confidence
in the developed software regarding the multi-thread implementation [Campilho-Gomes,
2014]. As an outcome of these tests the multi-thread model to be used in the GA was
chosen and tested. Also, some important insight in the parametrization used to configure
the multi-thread implemented model was acquired and used later in the course of this

work.

3.1.2 Testing the developed program

As in many other cases where a program is created to comply with a certain algorithm,
developing a program to implement a GA entails its own uncertainties, namely those related
to the correctness of the interpretation of the algorithm’s description which, despite the
abundant literature on the subject, always has some degree of incomplete characterization
of one or another step of the algorithm (or of its variants). Even if the description of
the algorithm, or the variant implemented, is clear, complete, and free of ambiguities,
choices and decisions must be done regarding the concrete actual implementation and
parametrization of the algorithm. And, anyway, programs have bugs. So, the doubt if
the program is really implementing a GA is, probably, a reasonable doubt, that emerges
from time to time in the endeavor of maintaining and evolving such a computer program,
which is inherent to a research work like this one. Therefore, throughout this work the
GA was tested several times with a set of benchmarking functions as a way of verifying
that the developed program still retained the search and optimization capabilities that are
expected from an GA. It is, in the end, a way to increase confidence that what is actually
implemented by the program is, probably, a GA. This set of benchmarking functions
includes a subset of single-objective unconstrained optimization functions like Sphere
function, Rastrigin function, Ackley function, Rosenbrock function, Booth function, and
Himmelblau function [Adorio and Diliman, 2005, Jamil and Yang, 2013]. And it also
includes another subset of functions devised by the author that involve the synthesis of

simple or previously synthesized circuits.

3.2 Fixed-length chromosomes

A common characteristic to GA-c and to numerous tests performed in the course of this
work is the usage of FLCs. As referred in Chapter 2, this coding scheme uses a constant
number of genes in each chromosome throughout every run of the GA. These genes can use

bit strings as gene descriptors (like in GA-c) or real variables, as many variants of GA-c use.

In circuit synthesis, the use of FLCs means that all components that are necessary to
generate a circuit must be present in the chromosome since the first generation of the GA.
In some problems this may be desirable since it works as a constraint to the number (and
type) of components the GA can use to solve a problem. In other problems it may be an
undesirable challenge to decide a priori how many components and of what type should be

present in the first generation: if too few are provided (too few in total or even too few of
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a particular type) it may be impossible for the GA to solve the problem; and if too many
are provided it may be extremely time consuming to simulate circuits that have many

superfluous components.

This section describes the approach that was made to the synthesis of circuits with a GA
that uses FLCs.

3.2.1 Testing the genetic algorithm in circuit optimization

The design of integrated analog circuits typically has three distinct stages: choice of circuit
topology, dimensioning of components, and layout design. The automatic synthesis to be
studied in the context of this work, carried out by a GA, focuses on the first two stages. To
evaluate the algorithm’s performance in executing the second stage (component sizing in a
circuit), tests were carried out in which the execution of the first stage was suppressed. In
these tests, the circuit topology is initially chosen, and the GA is then left with the task of

sizing some components so that the circuit meets a set of specifications.

3.2.1.1 Optimization of a two-stage differential amplifier

In the test described in this section, it is intended that the GA sizes some parameters of
the components of a two-stage differential amplifier in order to optimize its performance

according to a set of specifications.

The amplifier circuit is shown in Figure 3.2, in which parameter W of the transistors must
be sized by the GA so that the desired specifications are met. This circuit is based in [Sedra
and Smith, 2007, pp. 749-752] and the desired specifications are summarized as follows:

* Intended DC gain of 1109, that is, 60.9dB.
* All transistors have the same L but their W is modifiable by the GA.

* Some transistors are already paired, that is, its W is necessarily the same in the

following cases: Wo, = Wo,, Wo, = Wg,, Wo, = Wo, = Wg,.

* In order to approximate the models of the transistors used by NGSPICE to the
characteristics of the transistors used in [Sedra and Smith, 2007, pp. 749-752], the

models used in simulation were as follows:

.MODEL MY_PMOS PMOS level=1 VT0=-0.8 KP=40e-6 LAMBDA=0. 1
.MODEL MY_NMOS NMOS 1level=1 VT0=0.7 KP=160e-6 LAMBDA=0. 1

e Current source Iggr is 90 pA

* All circuit simulations were performed with transient analysis, that is, they were
performed with . TRAN commands in NGSPICE.

The embryo circuit for this test contains the circuit depicted in Figure 3.2 plus some extra

components as shown in Figure 3.3. These extra components create the “context” circuit
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Figure 3.2: Two-stage differential amplifier circuit.

for the simulations that will be submitted by the GA to be performed by NGSPICE.
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Figure 3.3: Context circuit for the two-stage differential amplifier.

Voltage source V; generates the circuit excitation signal, as shown in Figure 3.4. A quite

small amplitude was used in several early tests (in this case it was 1 1V) as a way of trying

to make the GA search effort to be in the most linear range of the amplifier. Also, this signal

is “slow enough” (has a low frequency) so that the influence of the dynamic response of the

circuit is negligible in this analysis (that is, so that the effects resulting from non-idealities

of the amplifier, such as finite bandwidth and finite slew rate, can be neglected for now).

The signal from source V; is transformed into a pure differential excitation (i.e., without a

common mode component) by the auxiliary sources src; and src,. These sources are the

input sources of the differential pair (note that it was not a concern of this test to verify

the response to common mode excitation since there was no specification regarding the
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amplifier’s CMRR).

Excitation signal Differential input signal A
1e-06 - 4e-07
2e-07
> 0
-2e-07
5e-07 - -4e-07 -
0 0.2 0.4 0.6 0.8 1
5
> 0
Differential input signal B
507 | 407 &
2e-07 |
> 4]
-2e-07
1e-06 L 4e-07
0 0.2 0.4 08 0.8 1 0 0.2 0.4 0.6 0.8 1
H s
(a) Amplifier excitation signal (b) Differential input signals

Figure 3.4: Amplifier input signals.

In this test there was no specification regarding the output offset voltage but the eventual
existence of such offset could interfere with the process used to calculate the fitness of each
circuit. This fitness is evaluated by comparing the signal obtained at the amplifier’s output
with a desired (or target) signal produced by an auxiliary voltage source (as explained
later). In order to try to minimize the interference of the amplifier’s output offset in the
evaluation of a circuit’s fitness, an offset voltage source V;,; was added to the excitation
signal V7, as seen in Figure 3.3. This way, the GA is able to modify the input offset voltage
of the amplifier (the value of this offset is one of the variables sized by the GA) and thereby

modify its output offset voltage, eventually minimizing it.

Sizing results

The type of GA used in this test is close to GA-c, so chromosomes are composed of bit
strings where each gene has 16 bit linearly codifying the range of each variable (using a
coding method sometimes called “multiparameter, mapped, fixed-point coding” [Goldberg,
1989, pp. 80-84]). Considering transistor pairing and input offset voltage source, the GA

has only five variables to size:

s Wi (= Wo, = Wo,)

W3,4(: WQ3 = WQ-L)

W5,7,8 (: WQ5 = WQ7 = WQs)

W (= wQé)
° Vz‘os

Using random initialization for those variables, it was verified in numerous runs that the

GA achieves good results almost always in less than 100 generations, considering good (or
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successful) results those that present high similarity between the desired output signal and

the signal that is actually achieved by a run.

In Figure 3.3, voltage source tgf generates signal Vi, which is considered the desired
signal at the output of the amplifier, given the input signal V;. It is this signal V¢, that is
compared with the circuit’s output V, in each generation of the GA to establish a measure
of the amplifier’s achievement of the desired gain (the circuit’s fitness). These signals are
represented in Figure 3.5a for a successful execution of the GA. The gain of the circuit sized
by the GA is approximately 1070 (60.6 dB) and the output signal has an offset voltage of
about 3411V. The GA sized the input offset voltage source to V; = 12211V which suggests
that the amplifier has an output offset voltage of approximately —131 mV (when it is not
compensated by V; ). In order to verify this output offset and the behavior of the circuit
for signals of greater amplitude, the circuit was tested with null input offset and with
an input signal similar to the one shown in Figure 3.4a but this time with amplitude
1 mV. The signal produced by the circuit is depicted in Figure 3.5b, which has an offset of
approximately —132mV and a voltage swing of approximately 2.14 V.

Target signal Output signal (wide swing, no offset comp)

0.001
0.0005

-0.0005 |
-0.001

s

Output signal

0.001 r
0.0005 -

-0.0005 |
-0.001 -

s s

(a) Desired and achieved signals (b) Wide output signal (with V; =0)

Figure 3.5: Target (desired), and output signals.

The fitness value of each chromosome is a function of the mean square error given by
eq. 3.1 (where Ty = 1s), which is the objective function of this problem. As is known, the
fitness function does not always coincide with the objective function [Deb, 2001, pp. 86—
88] [Goldberg, 1989, pp. 75-76], which is the case here. That rms error is in fact determined
by eq. 3.2, given the discrete nature of the data obtained in simulation, where N is the
dimension of the vectors containing signals V,(n) and Vi;(n). The GA tries to minimize
that error by maximizing the merit function given by eq. 3.3 which is the actual fitness

function that evaluates each chromosome.

T()
rms =\/Tioj0 (Vo) = Vige(D)) (3.1)
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(3.2)

(3.3)

Figure 3.6 shows the netlist that describes the circuit to be optimized by the GA. It is this
netlist that is submitted to NGSPICE but with the line containing the .param command
edited, in which the strings gene0, genel, ..., gene4 are replaced by values from the

chromosome being evaluated.

Two-Stage CMOS Op Amp

vDD 100 O 2.5V

VSS 200 0 -2.5V

.param Wl2=gene(O W34=genel W578=gene2 W6=gene3 Vin offset=gened
Rload 15 0 1000k

I1 16 200 DC 90E-6

RCurrSrc 16 200 1E9

* Dif pair

M1 13 11 10 10 MY PMOS W={Wl2} L=0.8u
M2 14 12 10 10 MY PMOS W={Wl2} L=0.8u
* Active load

M3 13 13 200 200 MY NMOS W={W34} L=0.8u
M4 14 13 200 200 MY NMOS W={W34} L=0.8u

* Dif pair current source

M5 10 16 100 100 MY PMOS W={W578} L=0.8u
* Output stage

M7 15 16 100 100 MY PMOS W={W578} L=0.8u
M6 15 14 200 200 MY NMOS W={W6} L=0.8u

* Curr source ref transistor
M8 16 16 100 100 MY PMOS W={W578} L=0.
* Input sources

8u

V1 300 0 DC 0 PWL (0 0 100m O 200m lu 400m -1u 500m O 1000m O)
Vios 1 300 {Vin_offset}

* Aux sources

Etgt 3 0 300 0 1109

Rtgt 3 0 1E3

Emeasl 4 0 13 14 1

Rmeasl 4 0 1E6

Esrcl 11 0 1 0 -0.5

Esrc2 12 0 1 0 0.5

* Models

.model MY PMOS PMOS level=1 VT0O=-0.8 KP=40e-6 LAMBDA=0.1
.model MY NMOS NMOS level=1 VTO=0.7 KP=160e-6 LAMBDA=0.1
* Analysis

.tran 100u 1

.end

Figure 3.6: Spice netlist for the optimized circuit.
At the end of a successful run, the GA produced a netlist in which that line was updated
and now reads:

.param W12=0.000006 W34=0.000006 W578=0.000068 W6=0.000012 Vin_offset=0.00
0122

That line shows that the five variables were sized by the GA to the following values:
e Wi=6um(W/L=7.5)
° W3’4 = 611m(W/L = 75)

® W5,7,8 = 68pm(W/L = 85)
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e Wg=12pm(W/L =15)
* Vips=122pV

Although in this test the GA only sized 5 variables, it was nonetheless possible to verify
that the global procedure works, namely that the coding used is good enough for this type
of problem. It was also verified the operability of the interaction between the GA and
the NGSPICE circuit simulator, as well as the use of the transient analysis for this type of
sizing.

As a precaution, several runs that were considered successful were later tested manually,
using the netlist produced by the GA to simulate the sized circuit. These verification
tests were carried out using NGSPICE in interactive mode and also in another SPICE-like

simulator to compare results.

3.2.2 Tunning some parameters of the genetic algorithm

In several tests, not only while solving generic problems of optimization or with problems
about circuit dimensioning but also in the resolution of other problems, it was noticed
a great sensitivity of the speed of convergence of the GA with the seed of the random
generator, that is, the evolution of the fitness function varied widely with the initial value
of the genes of the first generation. Although there is more than one possible cause for
this phenomenon, it is inevitable to consider the two most likely causes: the existence of
bugs in the implementation of the algorithm and/or a deficient parameterization. As no
bugs were found to justify this effect, attention was given to some parameters of the GA,
namely, to the probabilities of crossing and mutation. In order to try to understand how
those probabilities affect the convergence of the GA (in the implemented version), tests
were made that systematically scan the (apparently) useful ranges of those probabilities.

These results are presented in the following sections.

3.2.2.1 Testing with a third degree polynomial

The fitness function of these tests uses a third degree polynomial, given by eq.3.4 for which
the GA is requested to find the coefficients that were used in the target polynomial, given

by eq.3.5.

y:a3x3+a2x2+a1x+ao (3.4)

_ 3 2 .
Vigr = a3, X" +d, X" +ay, X+dg,, (3.5)

To determine the fitness value of each chromosome, a function was used that calculates the
mean square error, given by eq. 3.6 where N is the dimension of the vectors that contain
the values that result from sampling those polynomials (with N points equally spaced in a

range of R that includes all the roots of p;4).
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erme = | 77 2 (200 =i () (3.6)
0

n=

It is the minimization of this error that is sought with the GA, using eq. 3.7 as the fitness

function.

ffiz‘ = eom (3.7)
Tests with constant mutation probability

In this set of tests, the mutation probability, the crossover probability and the random
generator seed were varied. The probability of mutation was varied between 0.01 and 0.32

in a geometric sequence, with the following values being tested:
Pmut €{0.01,0.02,0.04,0.08,0.16,0.32}.

The probability of crossover was varied between 0.3 and 0.9 in a linear sequence, with the

following values being tested:
Deross € {0.3,0.4,0.5,0.6,0.7,0.8,0.9).

For the random generator seed, three different values were always tested, which makes a
total of 6 x7 x 3 =126 runs of the GA. Data produced by these tests is shown in graphical
form in Appendix A and is summarized in Figures 3.7 and 3.8 which show the fitness of the
best chromosome in the run (Figure 3.7) and the average fitness in the population obtained

in the last iteration (Figure 3.8).

Note that the aforementioned probability p,,,;,; represents the probability of mutation for
each chromosome, which results in a relative frequency of chromosomes in the population
that have undergone some mutation which, in average, has the same value as p,;,1,;- When
the GA uses bit strings as a codification scheme, like GA-c and this test use, the probability
that an Nj;; chromosome will mutate is given by p,,ar = 1 — (1 —pbit)N, where py;; is the
mutation probability for each bit of the chromosome. That is, to obtain a certain relative
frequency of mutation in a population, the py;; probability must be calculated as a function
of the number of bits of the chromosome. So, if the chromosome size is adjusted (in a
bit string codification scheme), there may be an interest in adjusting py;; in order to keep

Pmutar CONstant.

In all tests referred above the mutation probability was constant during each run of the GA
but during those tests there was a growing interest in evaluating what would happen if the
mutation probability varied, namely starting with a higher value at the beginning of the
run and then decreasing as the run approached the end. The idea was to provide the GA
with a high ability for space exploration at the beginning of the execution that would shift

smoothly to a fine-tuning ability at the end of the execution.
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Figure 3.7: Best chromossome fitness in tests with constant mutation
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Figure 3.8: Population average fitness in tests with constant mutation
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Tests with variable mutation probability

In this set of tests the mutation probability did not remain constant throughout each test,
as it decreased linearly towards zero over the N generations of the run, leaving the GA with
some characteristics of a simulated annealing process. The initial value of this probability
was established by sweeping the same set of 6 values used in the previous tests. It is this

initial value that is marked in the graphs that follow.

Similarly, the crossover probability was established by sweeping the same set of 7 values
used in the previous tests and each pair of p,,,1,; and p.,oss was run for 3 seeds, leading
(again) to a total of 6 x7 x 3 =126 runs of the GA. As before, data produced by these tests is

shown in graphical form in Appendix A and is summarized in Figures 3.9 and 3.10.
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Figure 3.9: Best chromossome fitness in tests with variable mutation

There may possibly be numerous considerations that can be made about these results. A
possible one is that there seem to be pairs of p.,ss and p,,,1¢ that produce better results
than others (with this implementation of the GA). If, for instance, “good results” are
considered to be those in which the values of the best chromosome fitness and of the
population average fitness are both greater than 0.8 for the three seeds used in the tests,
then the subset of tests shown in table 3.1 is obtained. In this table the tests that are
considered to have the best results are highlighted (set 1 refers to tests with constant

probability of mutation and set 2 refers to tests with variable probability of mutation).
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Figure 3.10: Population average fitness in tests with variable mutation
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Table 3.1: Subset of selected tests

Figure in test set 1 Cross prob Mutat prob Figure in test set 2

0.3 0.01
0.3 0.02
0.3 0.04
0.3 0.08
0.3 0.16
0.3 0.32
0.4 0.01
0.4 0.02
0.4 0.04
0.4 0.08
0.4 0.16
0.4 0.32
0.5 0.01
0.5 0.02
0.5 0.04
0.5 0.08
Figure A.17 0.5 0.16
Figure A.18 0.5 0.32 Figure A.60
0.6 0.01
0.6 0.02
0.6 0.04
0.6 0.08
Figure A.23 0.6 0.16
0.6 0.32 Figure A.66
0.7 0.01
0.7 0.02
0.7 0.04
Figure A.28 0.7 0.08 Figure A.70
Figure A.29 0.7 0.16 Figure A.71
0.7 0.32
0.8 0.01
0.8 0.02
0.8 0.04
0.8 0.08
0.8 0.16
0.8 0.32
0.9 0.01
0.9 0.02
0.9 0.04
0.9 0.08
0.9 0.16
0.9 0.32
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From the analysis of that subset, some guidance can be taken for the parameterization of

the GA with respect to the probabilities of crossover and mutation, namely:
It only matters to consider a crossover probability between 0.5 and 0.7.

* If the crossover probability is 0.5, it will be necessary to use mutation probabilities
equal to or greater than 0.16 if they are constant, or 0.32 if it is variable. This result
suggests that for low crossover probabilities it is necessary to achieve the variability
of individuals (chromosomes) through a high mutation value. And if the probability
of mutation decreases over the course of evolution, then it will have to have an even

higher initial value.

* If the crossover probability is 0.6 and the mutation probability is constant, then
the best values for the mutation probability will be somewhere within the range
Pmutat €[0.08, 0.32], with geometric mean at 0.16. But if the mutation probability is

variable, then the initial value must be shifted to the top of that range.

¢ If the crossover probability is 0.7, the recommended range for the mutation proba-
bility should contain the values 0.08 and 0.16, which can be extended to 0.32 if the
mutation probability is variable. The fact that this extended range (of initial mutation
probability values) is greater than any other range recommended for this test appears

to be one advantage of using variable mutation probability.

There were many tests with good results obtained in one or two seeds but which were
not selected as “good results” because in the other seed they did not reach the thresholds
mentioned above. In other words, they seemed to have too much sensitivity to the initial
population, which removes robustness to the GA. In any case, these tests seem to show
that the GA has a non-negligible sensitivity to the initial population (that is, to the seed
of the random generator used in the implementation of the GA), which will eventually be
mitigated in future tests by choosing the mutation and crossover probabilities according to

the criteria described above.

As has already been mentioned, the robustness of the program that implements the GA
has been an ever-present concern throughout this work, particularly due to the intense use
of parallelism (and its propensity to “pop up” with parallelism-related bugs). Thus, on
numerous occasions, tests were carried out whose aim was just to try to detect bugs in the
program related to parallelism. For this reason, the 252 tests described in Appendix A were
performed twice, with and without parallelism, comparing results that turned out to be

the same, therefore increasing confidence in the version of the program developed so far.

3.2.3 Genetic algorithm in digital circuit synthesis

In order to verify the ability of the GA to generate circuit topologies, tests were performed
for the synthesis of simple logic gates. In these tests the GA is expected to synthesize a
circuit topology without any concerns in component sizing. This was accomplished by

predefining all available components, so, in these tests, the only available components are

50



NMOS transistors (already sized and all equal) and PMOS transistors (also already sized
and all equal). Therefore, by presetting all available components, the component sizing
phase is not needed, leaving the algorithm concerned only with the topology synthesis

phase.

In these tests a set of transistors is available to the GA for achievement of the objective of
generating a logic gate, and each chromosome has a fixed number of genes, where each
gene codifies a transistor. To simplify the task, the bulk of all transistors is pre-connected,
either to Vpp or ground, therefore, each gene represents only the drain, gate, and source
terminals of the transistor, encoding the nodes to which they are connected in the circuit
by a 12-bit string. Each node is codified by 4-bit, using either a natural binary code or a

Gray code (this is an option in the GA parametrization) as exemplified in Figure 3.11.

Fixed length chromosome

Transistor M, Transistor M, |

drain gate source drain gate source

Figure 3.11: Bit string coding of transistors.

At the beginning of each run all terminals of every transistor are connected to predefined
nodes (usually ground or Vpp, as seen in Figure 3.12) and then, gradually, the GA assigns
nodes to the terminals of the transistors, thus constructing the circuit until it eventually

satisfies the truth table of the intended logic gate.

Voo~
Mp] MI’M
Transistor set
M“1 MHM
AV

Figure 3.12: Transistor set available for the GA.

In these tests it was used elitism (with two elite chromosomes) and results from the
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study presented in Section 3.2.2 were applied in the parameterization, i.e., the crossover
probability was constant but the mutation probability is variable (linearly decreasing in

the course of evolution), both using values from that study.

3.2.3.1 Synthesis of a 2-input NAND gate

In this test the GA was tested in the synthesis of a 2-input NAND gate. The embryo circuit
used is shown in Figure 3.13, where the evolvable part of the circuit is the transistor set

and the rest of the components form the context circuit.

Voo
Ve [
Rsl
1G R
) 100k
v Transistor set
tgt
0 Vo
Ry + Va |
G _ Vi @
Rsl Rer,dZ
G 100k
o
0 o

Figure 3.13: Embryo circuit for the NAND logic gate.

Signals V4 and Vp are the input signals to the circuit and V}g; is the desired signal that
should be obtained at the circuit’s output node V,,, as seen in Figure 3.14. The power supply
available to the evolvable circuit is Vpp =5V and the two load resistors Ry 44, and Ry o4,

ensure that the generated circuit must be able to source and sink current.

Using four transistors in the embryo circuit

When four transistors are used in the embryo circuit, this embryo circuit is translated for
simulation by the netlist shown in Figure 3.15. It is a netlist like this one that is submitted to
NGSPICE in each iteration of the GA, in which the nodes to which the transistors terminals
are connected to are updated by the GA.

In tests where four transistors were used in the evolvable transistor set (two NMOS and
two PMOS), the GA produced (typically in less than 100 generations) the expected circuit,
i.e., the classical 2-input NAND CMOS topology depicted in Figure 3.16.

The fitness function used by the GA is given by eq. 3.9, where ¢,,,, is given by eq. 3.8.
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(c) Desired (target) signal.

Figure 3.14: Test signals for a NAND logic gate.

NAND GATE with MOSFETs
VDD 7 0 5V

Rloadl 7 3 100k
Rload2 3 0 100k

* PMOS Transistors

M1 7 7 7 7 MY PMOS W=40u L=0.8u

M2 7 7 7 7 MY PMOS W=40u L=0.8u

* NMOS Transistors

M5 0 0 0 0 MY NMOS W=40u L=0.8u

M6 0 0 0 0 MY NMOS W=40u L=0.8u

* Input sources

Va 1 0 DC 0 PWL (0 0 .999999 0 1 5 1.999999 5 2 0 2.999999 0 3
Rsl 1 0 1G

Vb 2 0 DC 0 PWL (0 O 1.999999 0 2 5 )

Rs2 2 0 1G

* Target ouput

vVtgt 200 0 DC 0 PWL (0 5 2.999999 5 3 0 )
Rtgt 200 0 1G

* Models

.model MY PMOS PMOS level=1 VTO=-0.8 KP=40e-6 LAMBDA=0.1
.model MY NMOS NMOS level=1l VTO=0.7 KP=160e-6 LAMBDA=0.1
* Analysis

.tran 100u 4

.end

Figure 3.15: Spice netlist for embryo circuit.
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Figure 3.16: Circuit for a four transistor NAND logic gate.

rms =~ 9 (Volm) = Vige(m)) (3.8)

frie= o (39)

Figure 3.17 shows the average fitness of all chromosomes in the population (green line)
and the fitness of the best chromosome (red line) for a complete (and successful) run of the

GA that generated the circuit of Figure 3.16.
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Figure 3.17: Fitness evolution in the synthesis of a four transistor NAND logic gate.

Using more than four transistors in the embryo circuit
If the set of transistors in the embryo circuit contains more than four transistors, the GA
tends to produce “strange” circuits that comply with the truth table but in which there are

transistors with questionable utility, such as parallel transistors and other topologies that
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are either redundant or easily simplified. Note that the fitness function does not include in

any way the number of transistors used (or, in this context, transistors that are no longer

connected as they were in the embryo circuit), since it only considers compliance with the

truth table.

Figure 3.18 shows one of these circuits, which originated from an embryo circuit with eight

transistors in the transistor set (four NMOS and four PMOS). This circuit complies with
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:] QPZ :] Qp4
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o 1 L
Q"i Va O?”:
VA . -l— n4
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Figure 3.18: Evolved NAND circuit using 8 transistors.

the truth table of this logic gate, as shown in Figure 3.19, but uses more transistors than is

necessary.

nand gate with mosfets

V@) ——— ]

05

1.5 2 25
s

35

Figure 3.19: Output signal for the 8 transistors NAND circuit.

And there is also the issue, common to many other circuits synthesized to solve this problem,

which is the needless consumption of current from the voltage sources that generate the

input signals. In this case, this excessive consumption occurs at source V, through Q,,

which happens when both input bits are "1’, that is, when V4 = Vg =5V. This problem is
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illustrated in Figure 3.20: in the fourth state of the truth table, for t € [3.0, 4.0[, current

consumption from source V4 reaches almost 80 mA, which is unacceptable.
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Figure 3.20: Current consumption from source V.

This question, of an excessive current consumption from input sources of the circuit, is
similar to the question, also frequent in synthesized circuits to solve this problem, of the

useless current consumption from power supply source(s).

Besides the excessive consumption that occurs at source V, in one state of the truth table,
the circuit of figure 3.18 has another issue related to the “floating” state of the node shared
by the gates of transistors Q,», Qp1, Qpz and Qpg when Vi = 0 (Qp3 is cut off). This issue
was not detected by the GA because the circuit simulator “assigned” a state to that node
that is the one that is required to fulfill the truth table. But in a real implementation of this
topology this is a problem that could lead to undesired behavior of the circuit. A possible

solution for this type of issues will be referred later in Section 3.4.1.

In order to try to reduce the number of circuits generated with the excessive current
consumption issues, a new fitness function was considered that contemplates constraints
regarding the currents in sources V,, Vg and Vpp. This new fitness function, which was
named the global fitness function fq)p, is given by eq.3.10, where all partial functions fy,, fi,,
fi, and f;  have the form of eq. 3.11.

fetv = fvy X fr, X f1, % f1,, (3.10)

f —1- e—wcight‘lx(desircd/achiewd) (3 11)
In eq. 3.10, functions f;,, fi, and f;_ are considered constraints in spite of having the same

format as function fy, , which is the fitness related to the objective function.

There are many types of constraints used in the context of GAs [Goldberg, 1989, Deb,
2001, Coello, 2002]. The expected effect of the constraints used in this problem is that they
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only interfere marginally with the value of fitness for viable solutions (because they will
be approximately equal to 1.0) but that they penalize unfeasible solutions as intensively
as the failure to comply with the constraint (there is no need for proportionality, just
monotonicity: the penalizing factor should grow with the amount of constraint violation).
According to a classification suggested by Coello [Coello, 2002], this constraint functions

are of the external static type.

The type of function depicted in 3.11 is sometimes used in the context of GAs as a minimiz-
ing fitness function [Paulino et al., 2001][Serra, 2017, pp. 74], where desired represents the
desired value for a given variable that the GA is trying to minimize, achieved is the value
actually achieved for that variable in a given generation, and weight is a factor that acts in

the steepness of the function (higher values increase the steepness of the function).

Results obtained using the fitness function of eq. 3.10 showed that it prevents the synthesis
of circuits suffering from the issues referred previously, i.e., excessive current drawn from
sources Vy, Vg and Vpp. But those results also showed that other issue remained unsolved:
the excessive number of transistors used in circuits that would be achievable with only
a reduced set of transistors (like four, in the case of the NAND logic gate). To try to
solve this issue, the number of transistors used in a circuit was included in the fitness
function, favoring circuits that use less transistors than others that use a greater number.
The criterion used to consider that a transistor is not being used in a circuit was that it
had the drain, the gate, and the source all connected to the same node (as it happens to
all transistors at the beginning of a run). These transistors are removed from the netlist
that is submitted to NGSPICE, which accelerates the simulations of these circuits, and are

accounted for in the new fitness function, which is given by eq. 3.12.

fglb:fVOxﬂAXﬁBxﬁDpxﬁdk’Mos (312)

The intention of function f; is to favor circuits that use less transistors, being able to

dleyos
take advantage of its knowledge of the number of transistors available in the transistor
set. Several functions were tested for this purpose and the best results were obtained with

function fi4,,, . depicted in eq. 3.13.

e€MOs

Nidle,
fidieyos = (1 —fo)% +fo (3.13)
MOS

In eq. 3.13, Njj0s is the total number of transistors available in the transistor set, n;gje,,
is the actual number of transistors considered idle, i.e., that have all terminals connected to
the same node, and fj is the minimum merit value allowed for this function. An example
of these parameters used in tests trying to generate a NAND gate from a transistor set with
four NMOS and four PMOS transistors is shown in eq. 3.14, where Ny;ps = 8 and f; = 0.9.
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fidli’Mos 20'0125X”id16M05+0'9 (3.14)

Unfortunately, the use of f; in the fitness function does not always have the expected

dleyos
result and often prevents the GA from converging to a useful solution. The success of
the GA seems to be very sensitive to the value of f;, and it was not possible to achieve

a good balance between the intended effect of fiy and the rate of success of the GA.

emos
But, instead of rejecting the use of fi ., ., it seems preferable to gradually introduce this
function into the fitness function, leaving, for example, the GA to evolve without f,,, .

during the first 100 or 200 iterations and only then introduce the contribution of figje, .-
This procedure was applied to the embryo circuit that generated the circuit of Figure 3.18
and in several (more successful) cases, the generated circuit resulted in the circuit shown in
Figure 3.16, that is, the GA discarded four transistors (from the set of eight) and achieved

the desired functionality with only four transistors.

3.2.3.2 Synthesis of other logic circuits

In addition to the NAND gate already presented, attempts were made to synthesize other
logic circuits, such as a NOR gate, an AND gate, an XOR gate, and a half-adder. Results
regarding the synthesis of a NOR gate are very similar to results obtained with the synthesis
of the NAND gate and will not be shown here. But results about other topologies were not

as expected and were quite disappointing.

Synthesis of a AND gate

In addition to NAND and NOR gates, an attempt was also made to synthesize an AND
gate, which proved to be a much more complex task for the GA. After numerous runs with
different parameterization and different seeds (for the pseudo-random generator), the best
circuit synthesized by the GA is shown in figure3.21. This circuit was obtained by the
evolution of an embryo circuit with 48 transistors (24 NMOS and 24 PMOS) but function
fidleyos Was not used since it prevented the convergence of the GA in all tests performed.
And for smaller transistor sets the GA was never able to generate a circuit that fulfills the
intended truth table. Although this circuit fulfills the truth table of an AND gate, this is

clearly not a satisfactory result.

Synthesis of a XOR gate and a half-adder

Using the knowledge gathered with previous tests, further attempts were made in the
synthesis of a XOR gate and an half-adder circuit. In spite of all the effort dedicated to this
task, it was never possible to obtain a circuit that fulfills the truth table of such functions
(Table 3.2). In all tests the GA managed, at most, to comply with three of the four states of
the truth table.
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Figure 3.21: Generated circuit for the AND logic gate.

Table 3.2: Truth table for a XOR and an Half-adder

Inputs Outputs

XOR Half-adder
carry sum

0

0
1
1
0

S = = O

0
0
1

— O = O
—_— = O O

3.2.3.3 Limitations

Results obtained with these tests show that the GA is able to synthesize simple logic
circuits, like NAND and NOR, and even though they are sometimes accomplished with
rather unusual topologies, other times the well-known classic topology of such gates is
produced. Other gates, like AND and OR are much harder to synthesize by the GA and the
very few circuits generated that fulfilled the truth table had much more transistors than
the classic topology of such gates. But the GA failed to synthesize other circuits, like a XOR
or a half-adder.

Considering the knowledge gained after numerous tests trying to synthesize logic gates,
one idea that stands out is that the GA has to have access to a number of transistors that
must be much higher than what is actually necessary to carry out the final circuit, so that
there is a useful capacity for exploration in the early stages of evolution. But then there
will also have to exist a process for the GA to discard all transistors that do not contribute

to the objective function, which will otherwise stay “hanging around” in the final circuit.

Although it was possible to accomplish the generation of simple circuits, the GA clearly
suffers from lack of scalability to higher complexity topologies. Without entire certainty, it
was hypothesized that this lack of scalability is essentially related to the coding scheme
used by the GA. Therefore, it was necessary to try another codification technique, and VLCs

were tested.
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3.3 Variable length chromosomes

In this work VLCs were tested as an encoding scheme, in which a chromosome is a circuit
descriptor and each gene is a component descriptor [Campilho-Gomes et al., 2020]. Each
chromosome has a variable number of genes, and this number may either increase or
decrease during execution of the GA. In this encoding scheme each gene is comprised of
three fields, as depicted in Figure 3.22. The first field identifies the component type and

Gene: component descriptor

LT IR ol [P N[ Nof ] N
1 \ |
type parameters conn. nodes

Figure 3.22: Component encoding using VLCs.

is typically implemented as an integer variable. The second field is a set of parameters
needed to describe the characteristics of the component, which are typically implemented
as real variables. And the third field is a set of nodes indicating where the component
terminals are connected (implemented as positive integer variables). An example of this
circuit encoding scheme is shown in Figure 3.23, in which a chromosome with three genes
encodes a simple circuit with three components: a MOS transistor (p channel), a bipolar
transistor (npn) and a resistor, whose parameters and device connections are clarified in
table 3.3.

Variable length chromosome

MOS transistor Bipolar transistor
(p channel) (npn) Resistor

Wit ]pfc]s|Bla

glelB[B|R[VIR IR

Figure 3.23: Circuit encoding using VLCs.

3.3.1 Crossover and Mutation

The use of VLCs as an encoding scheme to describe circuits led to some adaptions on both
crossover and mutation operators. Although the purpose of these operators in the GA
that uses VLCs is equivalent to their purpose in GA-c, the original operators proposed by
Holland in the GA-c need to be modified so that they work with real variables and VLCs.

3.3.1.1 Modified Crossover

In this work, a gene boundary crossover operator is used that implements equal crossover
and inside crossover operations [Deif and Gadallah, 2014] as illustrated in Figure 3.24.

Using this operator to cross two chromosomes to generate two offspring, the shortest
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Table 3.3: Example of parameters and connections

Type Allele function Symbol Description
W channel width
Parameters
L channel length
MOS transistor D drain terminal
. G gate terminal
Connections .
S source terminal
B bulk terminal
Parameters B current gain
Bipolar transistor C collector terminal
Connections B base terminal
E emitter terminal
Parameters \Y% value (in Q)
Resistor . R, terminal 1
Connections .
R. terminal 2

chromosome length never decreases and the longest length never increases, so the operator
does not change neither maxlength (the length of the biggest chromosome in the population)
nor minlength (the length of the smallest chromosome in the population): the ability to

change either maxlength or minlength is confined to the mutation operator.

Equal crossover
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Figure 3.24: Crossover operator for variable length chromosomes.

3.3.1.2 Modified Mutation

The mutation operator used can, potentially, alter any allele of a gene. This means that

it can change all characteristics (Figure 3.22) of any gene in the circuit, namely its type,

61



any of its parameters, and the node to which any terminal is connected. Although any of
those mutations is hypothetically possible, the mutations that are actually allowed for a
given run of the GA can be specified, and some of them are often not allowed because they
would result in an incoherent component description. For instance, changing the type of
a gene from a bipolar transistor to a resistor (by just mutating the allele that describes
the component type) would leave the component in an incoherent state because (at least)
the number of terminals would not match what is expected (two terminals for a resistor
instead of three inherited from a bipolar transistor). Another approach would be to allow

the mutation but penalize the fitness of any chromosome with incoherent components.

3.3.1.3 Other features of the mutation operator

The mutation operator also implements insertion, replication and deletion operations [Hutt
and Warwick, 2007], which are responsible for changing maxlength and minlength in the
population by: 1) inserting a small piece of new genetic material in a chromosome; 2)
replicating a small piece of genetic material within a chromosome; 3) deleting a small piece

of genetic material from a chromosome.

Another feature of the mutation operator is the ability of rejecting a mutation if it wors-
ens the chromosome fitness. The probability p, of rejecting a mutated chromosome is
not constant, rather it is adapted as the population evolves. The probability p, of accep-
tance (pa =1 —p,) starts high and decreases over time, similarly to a simulated annealing
process [Barros et al., 2010], allowing broader regions of space to be searched in early
generations, but later narrowing this search to small regions around the solution(s) already
obtained (local exploration). However, it is difficult to determine the rate at which the
probability of acceptance should decrease over time (because it is difficult to determine the
rate at which the temperature should decrease in a simulated annealing process to obtain

an optimal solution [Nourani and Andresen, 1998]).

Instead of decreasing the probability of acceptance over time (the standard procedure
in classic simulated annealing), this work uses a heuristic that adapts this probability
according to a function fg that measures the quality of the solutions obtained so far (and
converts this measure of quality into a probability). This measure is obtained by the
average fitness of the N best chromosomes in the actual population, smoothed by a 2nd
order discrete low-pass filter (LPF). Function f; is bounded [0..1], where 0 represents the
worst possible case and 1 represents the best possible case. The LPF is implemented by
cascading two first-order IIR low-pass filters described by 3.15, and function f, is described
by 3.17, where fit(P;) is the fitness of the population in iteration i given by 3.16, where N
is the number of best chromosomes being considered (N =1 if only the best chromosome is
considered, N = 2 if only the best and second-best chromosomes are considered, and so

on), and fit(C;) is the fitness of chromosome j.
v[n]=(1-a)x[n]+ay[n-1] (3.15)
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fit(p) = %j;fit(cj) (3.16)
fo(P) = LPE(fit(P)) (3.17)

To map a fitness value (obtained by f;) to a probability value (the probability p, of rejection),
we use a simple nonlinear heuristic of an exponential nature, function f,,,,, described by
3.18 and depicted in Figure 3.25.

(Va1 — V) (e = 1)
ek—1

fmap(x): T VUm (3.18)

This function f,,,,(x) uses parameter k to adjust the steepness of its elbow shape, where
x€[0..1],and v € [V, .. vp], which, in this case, are set to v,,, = 0 and p); = 1. In numerous
successful tests for digital and analog circuit generation, the parameter k has been used in

the range of 1 to 4; nevertheless, further adjustment may be required in other contexts.

0 0.2 0.4 0.6 0.8 1

fitness

Figure 3.25: Function fg used to map fitness to probability p,.

This method of measuring the quality of the solutions performed quite satisfactorily in
all the tests conducted, both for the synthesis of digital and analog circuits, showing that
it is a robustness enhancer of the adaptive process, since it reduces its sensitivity to the
convergence speed of the GA (which is known to be highly irregular and dependent on
numerous factors, such as the initial solution and the general GA parameterization). The

overall process can be summarized by the pseudo-code shown in Algorithm 1 on the next

page.

A relevant advantage of this technique is that it reduces the sensitivity of the GA to the
probability parameters used by the mutation operator (the plural “parameters” is used
here because, when using VLCs, there are often several different probability parameters

involved in the mutation operator).
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Algorithm 1 Mutation of a chromossome

function cHrRoMMuTATION
if it is time to mutate this chrom then
Make a copy of this chrom
Mutate this chrom
Evaluate mutated chrom
if mutated chrom has better fitness then
Keep mutated chrom in the population
else
Calculate fg using population info
Calculate fyqp
Calculate probability p, of acceptance
if p, is high enough then
Keep mutated chrom in the population
else
Keep unmutated chrom in the population
end if
end if
end if
end function

3.4 Additional techniques

In the course of this work some additional techniques that are specific for circuit related
issues developed by GAs were implemented and used in some tests described in this docu-
ment. These techniques, entitled “Circuit test bed”, “Parallel association”, and “Multiphase
parametrization”, aim to improve the circuits generated by the GA and were developed
as certain situations were found in the course of this work. The “Circuit test bed” is a
pseudo-fixture that resembles a bed-of-nails test fixture, the “Parallel association” deals
with parallel association of components and “Multiphase parametrization” segments the

evolution of the GA in several autonomously parameterized phases.

3.4.1 Circuit test bed

It is very common to have components with floating nodes in circuits generated by a GA.
These circuits are normally rejected by SPICE-like simulators because analysis methods
used by SPICE require that every node in a circuit have a DC path to ground. One
technique to deal with this problem that is often referred in the literature [Koza et al.,
1997¢,Sapargaliyev and Kalganova, 2006a,Sapargaliyev and Kalganova, 2006b,Sapargaliyev
and Kalganova, 2006¢, Lohn et al., 2000] is to connect each of those nodes with a auxiliary
resistor to some predefined node, usually to ground using 1 Gf2 resistors. This procedure
of connecting every floating node to ground by an auxiliary resistor was included in the
current implementation of the GA as an additional technique that can be enabled whenever
the GA kernel is being used to synthesize circuits. The intention of this procedure is to

allow such circuits to be simulated, providing genetic material for younger generations
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that the GA will hopefully evolve to a solution that fulfills the circuit’s objective. It is
expected that those auxiliary resistors end up being removed by other techniques that
eliminate useless components in the circuits. In fact this happens very often but not always,

so sometimes the GA generates circuits that still include few of those auxiliary resistors.

Another problem, related to this one and often found in circuits generated by GAs, is the
existence of MOS transistors whose gate is left virtually floating in some circuit states. For
instance, if the gate of a particular MOS transistor T; of a logic gate is connected only
to the drains of two other MOS transistors T, and T3 and there is one state that cuts off
both transistors T, and T3, then a human circuit designer would probably consider the
gate of T being floating, which would almost certainly be considered undesirable. But
SPICE does not consider this gate as a floating node because in fact there is a DC path to
ground, and therefore the circuit is not rejected for simulation. Even though transistor T;
would be considered to be in an undefined state in a real world circuit, in SPICE simulation
it may eventually assume a state that is the desired one considering the intended circuit
operation, which can lead to a misclassification of the circuit as a “good” circuit. However,
this classification will eventually be revoked in a later stage of assessment since the circuit
will almost certainly not withstand a test with some noise injection because that state will

eventually change by effect of the noise signal.

To illustrate this problem with a circuit generated by the GA in a run in which this technique
was not used, consider the circuit shown in Figure 3.26 (which was already presented in

Section 2.2.1.2 and is reprinted here for convenience).
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Figure 3.26: Evolved NAND circuit.

This circuit was generated by the GA as a possible solution for a two-input NAND gate,
and in fact this circuit fulfills the truth table for a NAND gate as shown in Figure 3.27.

However, the node shared by the gates of transistors Q,, Qp1, Qp2 and Q4 has the problem
referred above: it enters a state that is difficult to predict when V4 = 0 (Q,3 is cut off).
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Figure 3.27: Input, target (desired), and output signals.

This would be considered an undefined state by a human designer as the node would be

considered a floating node.

To avoid the existence of such floating transistor gates, connecting every transistor gate
to ground with a high value resistor was tested. This was an expansion of the procedure
previously described, which was applied before to floating nodes and now was also applied
to transistor gates. This would hopefully define the gate state as logic '0’, removing some
unpredictability to the circuit behavior but would add undesired resistors to the circuit.
And anyway, as far as good noise rejection is concerned, it would never be acceptable
to leave a transistor gate connected to an equivalent impedance of 1 G2 in some states.
Therefore, this methodology would not solve the underlying problem, which is to ensure

that all gates “see” a low impedance in all logic states.

To try to solve this issue a methodology close to this one was tested: instead of connecting
every transistor gate to ground with an auxiliary high valued resistor, this resistor was
connected between each gate and an auxiliary voltage source generating a rectangular pulse
(that can be seen as a pseudo noise source with characteristics adapted to this issue). This
pulse changes its state between logic 0 and 1 voltages and it has a frequency that is twice
the frequency of change of state imposed by the input signals. This means that for each
state in the truth table of a logic circuit that pulse signal has both logic values 0 and 1 (with
a duty cycle of 50%). Should any transistor gate stay in a high impedance situation in some
state and the effect of that pulse should force that transistor to commute “inside” that state,

eventually revealing an undesired output signal.

Applying this technique to the circuit of Figure 3.26 yields the signals shown in Figure 3.28
where the signal V,, no longer fulfills the truth table because for half of the duration of the

last state the output is not the desired one.

In this last state, where V4 =0V, Vg =5V and V, should be 5V, there is a period 74, €
13.0,3.5[s during which V, = 2.5V. During this period t,,; all transistors in the circuit are
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Figure 3.28: Signals used in NAND test with test bed.

cut off, leaving the output in a state that is commonly known as tri-state. In this stateV,,
results only from the resistive voltage divider created by the two load resistors (pull-up
and pull-down resistors of 100 k€2 not shown in Figure 3.26). This unwanted value of V,
penalizes the fitness of this circuit (because there is a mismatch between the desired output
signal and the actual output signal) which may be enough for the GA to “choose” another

circuit over this one.

The auxiliary resistors that connect each transistor gate to the pulse voltage source are not
included in the circuit’s chromosome, instead they are used as a test bed for the circuit,
hence they are included in the netlist submitted for circuit simulation (the name test bed
was used because this technique resembles a bed-of-nails tester, which is a traditional
electronic test fixture used to test PCBs and assembled circuits [Wright et al., 2003, Mysore
et al., 2006]).

This technique does not detect all possible situations of floating gates but solves some of
them and it was successfully used in several tests of simple logic gates like NAND, NOR,
AND, OR and XOR.

3.4.2 Parallel association of components

It is quite often to find components connected in parallel in circuits generated by the GA.
Sometimes these components only appear in intermediate circuits that the GA generates
during evolution, i.e., they are only seen in intermediate generations and do not endure till
the end of the run, so they do not appear in the final circuit. However, other times the final
circuit produced by the GA has several sets of parallel components that could be easily

associated in a single component each.

The occurrence of such parallel components may be diminished by using a penalizing
factor in the fitness function that accounts for the total number of components in the circuit.

Nevertheless, even doing so, it seems to be a “hard task” to the GA to get rid of all parallel
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components, either taking an unreasonable number of iterations or failing in associating
them all.

So, a parallel detector and associator was developed and included in the GA. The algorithm
of this detector can find and associate parallel MOS transistors and passive components
like resistors, capacitors, and inductors. It is normally used before the selection stage of the
algorithm and the periodicity of usage in a test is left to a per test configuration. In order to
maintain genetic diversity, it is usual to keep the circuit that has the parallel components

and to add a new circuit (to the population) resulting from the application of the detector.

3.4.3 Multiphase parametrization

Following the use of variable weights, there was an interest in the potential that could
come from segmenting the evolution of the GA in sections (sets of iterations) that allowed
different parametrization in each, namely with discontinuous changes of some parameters
between sections. These sections, entitled “phases”, in which one component of the fitness
function is given more importance than others, would allow for some steering of the GA
directing its search and optimization effort towards a specific optimization target, like
the number of components or the total area used in MOS transistors. The criterion for
changing the phase can be phase stagnation or reaching a predefined threshold (given by
some metric, the most immediate example being the fitness function reaching a predefined
threshold).

This process can be illustrated by the diagram in Figure 3.29, which shows a three-phase
example that was actually used in several tests. Each phase has its own set of parameters,
that are adjusted to adjust the intended steering for each phase. Typically, two adjacent
phases share most of the parameters in each parameter set, and only a few are changed

(eventually only one is changed).

& &
OVO 2(70 OQ)O
% < Y
< % “%
“ %6 %6
Z 7 2
Phase 0: topology generation and Phase 1: number of | Phase 2:
component sizing components MOS area
reduction reduction
! -
I Lgl
1 2 iter

Param. set 0 Param. set 1 Param. set 2

[ e i E
e J

|
I
I
|
i
0 r:10
I
I
|
i

Figure 3.29: Multiphase diagram: example for 3 phases.

In this example, phase 0 uses a set of parameters (Param. set 0) that “tunes” the GA to
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search for a circuit topology that satisfies some goal without being overly penalized by
either the total number of components in the circuit or by the total area used in MOS
transistors. Then, when a given fitness threshold is reached (or some other stopping
criterion), phase 0 is terminated and another parameter set (Param. set 1) is used that has
some extra penalization for the total number of components used in the circuit. When this
phase stagnates it is terminated and a third parameter set (Param. set 2) is now used that
shifts the optimization effort of the GA by adding extra penalization for the total area used

in MOS transistors. This process is described in Figure 3.30.
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Figure 3.30: Diagram of the GA with multiphase parametrization.

This technique can be used with any number of phases and with other partial goals other
than those mentioned in the previous example. According to the knowledge gathered
from experimental results of several tests, this multiphase parametrization technique,
complemented by the use of variable weights along evolution, accomplished better results
in all the tests in which a comparison was carried out without using it. However, it is not
a technique of universal use for all types of problems that are intended to be solved by a

GA. This technique can be useful when there is already some knowledge about how the
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GA behaves in solving a given problem, and then, in some cases, as in the example given

before, this technique may prove to be appropriate.
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CHAPTER 4

Experimental Results

This chapter contains experimental results obtained using the techniques
introduced in the previous chapter. Digital and analog circuits synthe-

sized automatically by the genetic algorithm are presented and discussed.

In this work there was a first attempt to use a codification technique for circuits that applies
the classic bit strings used by GA-c to represent a circuit. In this representation there is a
fixed number of components available to the GA and the evolution takes place by changing
the nodes to which each component terminal is connected to. The circuit of Figure 4.1,
which was already presented in Section 3.2.3.1 and is reprinted here for convenience, is
an example of a circtui that was generated automatically by the GA using this codification
technique. This particular circuit was produced in a run in which only 4 transistors were

available to the GA for circuit synthesis.

Although it was possible to accomplish the generation of simple circuits with FLCs, this cod-
ification scheme suffers from lack of scalability to higher complexity topologies. Therefore,
as referred in the previous chapter, it was necessary to try another codification technique,
and VLCs were tested.

One of the first circuits to be successfully generated using VLCs, which had never been
successfully generated while using FLCs, was the half-adder. Despite all the effort and CPU
time spent on numerous attempts to generate this circuit, it has never been possible to use
FLCs to obtain a circuit that at least satisfies the corresponding truth table. However, using
VLCs, it was possible to generate the circuit of Figure 4.2, which, without being optimized
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Figure 4.1: Circuit for a four transistor NAND logic gate.

in any way (namely in the number of components), fulfills the intended truth table.
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Figure 4.2: Circuit for a two-input half-adder logic gate.

The study of the previous circuit was not deepened, namely regarding the search for
optimized solutions, but obtaining that circuit opened the way to tests on other types of

circuits that had not yet been successful, such as analog linear amplifiers.

4.1 Synthesis of an amplifier using BJT transistors

Using VLCs with the proposed codification scheme (Section 3.3), and using a SPICE-based

circuit simulator for fitness evaluation, the GA was able to generate circuits of higher
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complexity, such as the half-adder shown in Figure 4.2 and the 20 dB DC amplifier (DC-
coupled amplifier) presented in the next section. Fitness evaluation is performed by a
SPICE-based circuit simulator, NGSPICE [SourceForge, 2019], in a simulator-in-the-loop
paradigm, and all candidate circuits are submitted to simulation, i.e., there’s no prediction
technique [Domingues et al., 2022, Hakhamaneshi et al., 2019] (often referred to as an
“oracle”) that filters out candidates with poor convergence probability (or with any other

acceptance/rejection metric).

4.1.1 A 20dB DC Amplifier

One test performed on the GA was the synthesis of a DC amplifier with gain 10 using
bipolar transistors. In this test the GA could use resistors and either NPN or PNP transistors

to synthesize the circuit, and the embryo circuit of Figure 4.3 was used as a starting point.

Voo
Evolvable circuit
— AN — AN Riv
By Bye oy, @
I/f]]t V4 | 0 VO
T Tpl
R, + R, Vs Q 0
1G kVA — 1G RLOH!{Z
) T ) 2k
o 0 0
N Vs

Figure 4.3: Embryo circuit for a DC amplifier with gain 10 using bipolar transistors.

4.1.1.1 The embryo circuit

In the embryo circuit, only the portion enclosed in the box titled “Evolvable circuit” is
allowed to be evolved by the GA; the rest of the circuit is the context circuit. Signal Vj is
the input signal of the amplifier and signal Vj,; is the desired (or target) signal that should
be obtained at the amplifier’s output node V,. Some parameters of this circuit are shown in

Table 4.1, while some GA parameters are shown in Table 4.2.

The netlist used to describe this embryo circuit, which is one of the input files to the program
that implements the GA, is shown in Figure 4.4. This netlist is later complemented by the

GA with changes (to the circuit inside the box) that may result from insertion, removal
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DC amplifier 20dB

*

VDD 7 0 2.5V
Rvdd 7 0 1G

*

VSsS 8 0 -2.5V
Rvss 8 0 1G

*

Rloadl 7 3 2k
Rload?2 3 8 2k

*

Va 1 0 DC 0 SIN (0 0.01 2 0)
Rsl 1 0 1G

*

Etgt 200 0 1 0 10.0
Rtgt 200 0 1G

*

.MODEL MY NPN NPN BEF=100
.MODEL MY PNP PNP BE=100
*

. TRAN 100u 1

.END

Figure 4.4: Spice netlist for embryo circuit.

or modification of components. It is the resulting netlist that is then fed to NGSPICE for

circuit simulation.

Table 4.1: Circuit parameters

Positive power supply Vbp 2.5V

Negative power supply Vss —2.5V

Target signal source gain k 10

Input signal va(t) =sin(wt) A=10mV ,w=2nwx2Hz
Transistors current gain Bupns Ppnp 100

Resistors in evolvable circ Rg1,Rgr..Ron 102 to 1 MSQ2

Max n of nodes in evolvable circ  node,,,, 10 (excluding ground)

In this embryo circuit, four components were used, two having a predefined connectivity
(the transistors, which in this test were chosen to be initially connected to ground) and the
other two having random connectivity (the resistors). In addition, in this test the transistors
do not have any parameters configurable by the GA, but the resistors have their value
determined by the GA during the entire evolution of the circuit. It is worth mentioning that,
after carrying out several tests similar to this one using different initializations, it seems
that the final result obtained by the GA is not significantly influenced by characteristics

such as initial connectivity and initial value of the components.

With the embryo circuit and the parametrization presented, the circuit of Figure 4.5 was
obtained when the fitness function (described below) reached a stopping threshold of
0.95, which occurred at iteration 1222. This circuit has many redundant or even useless
components, but it accomplishes the main objective of this problem, since it produces an

output signal similar to the desired one (i.e., the error of “similarity” is within the given
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Table 4.2: GA parameters

description symbol value(s) comment

Chromosomes in the population  n.,0, 240 constant

Chromosomes for elitism Nelite 2

Initial number of genes Ngenes 4 applies to each chromosome
Max n of iterations Mitor 4000

Stopping fitness threshold fitsop  0.95

Crossover probability Peross 0.7

Mutation probability Pmut 0.16 applies to values and nodes
Mut. insertion probability Pnut 0.01

Mut. replication probability Prep 0.01

Mut. deletion probability Pdel 0.02

Mut. acceptance probability Pacp 1= fpe uses fitness of best chromosome

margin), as is shown in Figures 4.6a and 4.6b that represent the desired and the achieved
signals (respectively). Comparing these signals, it stands out that there is an offset in V,
(of 511 mV), but the existence of the offset was deliberately allowed in the solution of this
problem and taken into account in the fitness function.

VDD
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Ruus= Rt /R /Rl Rosil R [Rosl ek (199 Ruzs "
Ro1//Rg2o//Ryzs , 158.6k
Vi | - "
Rg24 R Trﬂ
617.2k 94 T
123.8k
Rgls Rg17 Rgs J
S 5418k o T
392.1k 239.2k 6055 o . R
. Ros 2%
Rove Raus 617.2k
1G 1G
0 0 \ Vis 0 N Ve

Figure 4.5: Circuit obtained at iteration 1222.
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Figure 4.6: Desired (target) and output signals

4.1.1.2 Fitness function

The primary goal of this test was to assess the ability of the GA to generate an amplifier with
gain 10, so few other specifications were considered. The intended output swing was rather
low, just 200 mV, and there was not any specifications regarding dynamic characteristics,
like bandwidth or slew rate. However, four constraints were used: three hard constraints,
regarding the current in power supply sources (Vpp and Vss) and the current drawn from
input source (V,), and a soft constraint, regarding the number of components in the circuit,

whose weight is adapted along the evolution of the GA.

The global fitness function used by the GA is given by eq. 4.1, where the partial functions
vor fio Jippr Jigs and f have the form of eq. 4.2. They all are bounded to interval
[0.0,1.0], and they are all merit functions which means fitness grows towards 1.0 as

achieved decreases towards desired. These functions are described in Table 4.3.

fglb:fVonIAXfIDDxflssXf”genes (4.1)

f -1- efweight’lx(desired/achieved) (4.2)

In Table 4.3, the achieved value ey, isa measure of similarity between the actual signal
obtained at the output and the desired (or target) signal, and is given by eq. 4.3. In this
equation, x{ and x? are the i'" elements of vectors x* and x? produced by NGSPICE for
nodes V,, and Vi, of the circuit of Figure 4.3 as a result of the transient analysis requested
in the netlist of Figure 4.4 (in this analysis, both vectors have 10000 elements). Value x4 is
the average of all elements of vector x, which is a good estimate of the output offset voltage
of the amplifier, which is indifferent (in this test) for the notion of similarity between the

actual output signal and the desired one.

Current I (in Table 4.3) is the rms value of the current in source Vy, calculated with
eq. 4.4.

76



Table 4.3: Fitness parameters

description function weight desired achieved
Minimize ey, fVO 0.5 10mV s
Minimize I, 11, 0.25 I pA Iy,
Minimize Ipp ~ f1,, 0.25 2mA  Ipp,,
Minimize Iss, =~ fi., 0.25 2mA Iss, .
Minimize ngepes fngm 0.005t0 0.01 1gene number of genes
1 e = 4\
Ve AN Z(xf —x%— xl‘.i) (4.3)
i=1

Similarly, Ipp,, and Iss  _are the rms value of currents in sources Vpp and Vig.

rms

(where vector x? is the current in source V) (4.4)

As mentioned before, the circuit of Figure 4.5 was obtained when the global fitness function
fqiv reached a stopping threshold of 0.95. Figure 4.7 shows the average fitness of all
chromosomes in the population (green line) and the fitness of the best chromosome (red
line), up until iteration 1222 of the GA. In this figure it is also shown the low passed version
of the average fitness of all chromosomes in the population (gray line), which may be
used by the GA to detect stagnation of the evolution. In fact, stagnation is decided by the
conjunction of lack of enough increase in both this low passed version of the population
average fitness and the best chromosome fitness. As can be seen in this figure, roughly
between iteration 600 and iteration 1000 there isn’t any visible improvement in either of
those fitness values, so stagnation could be wrongly inferred. The number of iterations
without fitness improvement that leads to the stagnation decision is another parameter
that is not easy to configure: if it is too small, it can lead to early abandonment of some
runs of the GA that would eventually yield good results, but if it is too high, it can lead to

too much CPU time being wasted on runs that would never yield useful results.

4.1.1.3 Controlling the number of components

In this type of test, the optimum number of components in the final circuit is unknown
a priori, so it is not known how many components the embryo circuit should (ideally)
have; it is a task for the GA to figure out how many components should be used for the
fulfillment of the objective. The technique used in this type of test to deal with the number
of components in circuits is to set a minimum number of components in the embryo circuit

and then ensure that the global parametrization of the GA (namely the probabilities of the
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Figure 4.7: Fitness values until iteration 1222.

insertion and deletion features of the mutation operator) creates a drive for component
growth. So, it is expected that the GA starts its search using small circuits and gradually

progress to circuits with a larger number of components.

However, as the number of components in the circuits increases so does the duration of
their simulation. Not only because of the burden of simulating unnecessarily large circuits,
but also because it is intrinsic to the purpose of synthesizing a circuit to be able to minimize
the number of components used, there is the need for some kind of control over the number

of components used in each circuit.

Function f,  is used to provide some degree of control over the number of genes (compo-
nents) in each chromosome (circuit). This function penalizes the fitness of the chromosome
for the use of components and is difficult to parametrize, mainly because the optimum
number of components in the final circuit is unknown. If it penalizes too much, the
search space explored by the GA is not sufficiently extended during the evolution, but
if it penalizes too less, the number of components grows up to problematical values (a
well-known problem often referred to as “bloating” [Ziga Rojec et al., 2019, Zebulum et al.,
2000, Mattiussi and Floreano, 2007, Ando and Iba, 2000]). In this test, the desired value
used was one component, which may be an idealistic value (certainly it is not a realistic
one) but works as a minorant, i.e., a “catch all” value. Anyway, the outcome of choosing
this value can be tempered by the value chosen for the weight used in function fngws, S0
that the effect in fg, is the desired one.

In Figure 4.8 it can be seen the evolution of the mean number of genes (components) in the
population and the number of genes of the best chromosome for the initial 100 iterations
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Figure 4.8: Number of genes and best chromosome fitness for the first 100 iterations.

of this test. It is also shown the fitness of the best chromosome, which is quite low (< 0.3)
and virtually constant in this initial phase of the GA. As can be observed, there is initially
an adjustment that is followed by a steady stage: initially, in about 50 iterations, both the
mean number of genes in the population and the number of genes of the best chromosome
grow from 4 to 10, and stabilize for the remainder 50 iterations shown in the graphic. As
expected, this number of 10 genes reached after iteration 50 is not directly parameterized
anywhere in the algorithm; it is an indirect consequence of the weights used in the partial

fitness functions and of the remaining parameterization of the GA.

In several tests similar to this one, it was often observed that the largest weight used
in function fngws' which still allows a sufficiently extended search, ends up not being
penalizing enough to avoid the existence of many chromosomes in the population that still
have an excessive number of components (the majority of this components won’t be useful
in the final circuit). So, in order to try to get rid of part of these components in a later stage
of the circuit’s evolution, this weight is adapted during the evolution so that it starts with
a low value (to allow an extended search) and ends with a higher value (which achieves
a “cleaning” effect of the circuit by removing unnecessary components). In this test, this
adaptive mechanism was steered by the fitness of the best chromosome in the population,

using a non linear function like the one depicted in Figure 4.9.

Although this technique removes many unnecessary components in the late phase of
evolution, the final circuit is usually still left with several useless or redundant components,
as can be seen in Figure 4.5. It is often useful to extend the number of iterations after the

stopping fitness threshold is reached in order to achieve an extra “cleaning” effect upon
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Figure 4.9: Mapping best chromosome fitness to f, _weight.

the final circuit that is still able to remove some unnecessary components. This extension
to the number of iterations was performed over the circuit of Figure 4.5 and the circuit
obtained (at iter 1535) is shown in Figure 4.10.
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Figure 4.10: Circuit obtained at iteration 1535.

In this circuit there are still some redundant components but most that were present in
Figure 4.5 have been removed. Fitness evolution until iteration 1535 is shown in Figure 4.11,
where it can be seen that both the fitness of the best chromosome and the average fitness
of the population increased slightly after iteration 1222, which was mainly due to the
component removal effect. The GA was stopped when the best chromosome fitness stopped

improving for more than 100 iterations.
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Figure 4.11: Fitness values until iteration 1535.

The number of genes (both for the best chromosome and for the average in the population)
and the fitness of the best chromosome are shown in Figure 4.12 for the entire evolution
of the circuit. After about 50 initial iterations (initial transient of the GA’s evolution),
both the number of genes of the best chromosome and the average number of genes in the
population remained in a steady value of (approximately) 10 until iteration 975.

At iteration 976 there was a very small increase in the fitness of the best chromosome
(unnoticeable in the graphic but easily spotted in raw data) and the number of genes of the
best chromosome suddenly increases to 14 and keeps increasing, closely followed by the
average number of genes in the population, and later followed by a significant increase in
the fitness of the best chromosome, until a maximum of 47 genes is reached. By the time
this maximum is reached, the fitness of the best chromosome is still at a modest value of
0.48 but it is enough to moderate the growth momentum of the number of genes, which
soon begins to decrease while the best chromosome fitness remains increasing, until it
reaches 0.95, which was used as a stopping threshold in early tests. But in this test the GA
was allowed to continue for a little longer, and the result is that the number of genes of the

best chromosome stabilized in 13 and its fitness even increased slightly, up to 0.97.

In some of the previous figures, graphical information was given about the average number
of genes (per chromosome) in the population, but no information was given about the
variation of the maximum and minimum values of the number of genes (per chromosome)
in the population throughout evolution (to avoid overlapping too many lines in the graphs).
Figure 4.13 now shows how the maximum and minimum are related to the mean during

the evolution of the GA. It also shows the standard deviation of the number of genes, which
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Figure 4.12: Number of genes and best chromosome fitness.

is quite low for most of the time, suggesting that there is significant concentration around
the mean and that there are few chromosomes with maximum or minimum number of

genes.
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Figure 4.13: Fitness values until iteration 1222.
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4.2 Revisiting digital circuits

While the previous test was in progress, other tests were being carried out, namely in
some of the logic circuits already tested (some of which have already been successfully
synthesized, but others were never successfully synthesized by GA). Using the adaptive
parameters approach (continuous adaptive mode) complemented with multiphase synthesis
(discrete adaptive mode), some logic circuits were synthesized, like a 2-input NAND gate

and a 2-input XOR gate, and these results are now briefly presented.

Unlike the previous test described in Section 4.1.1 (where no phases were used), the tests
described here used three phases (as described in Section 3.4.3), which can be labeled
“Topology generation phase”, “Component minimization phase” and “MOS area mini-
mization phase”. Although the first phase is being labeled as “Topology generation”, in
fact it comprises topology generation and component sizing, and in this phase the GA
is expected to generate a circuit that satisfies the logic gate truth table without much
concern for optimizing other characteristics of the circuit that are considered of secondary
importance in this phase, such as the number of components and the total area used in
MOS transistors. As in the previous test, this “low concern” characteristic is achieved by
limiting the weights applied to the constraints that evaluate the number of components
and the total area used in MOS transistors. These weights are still adapted as a function of
the best chromosome fitness, but are bounded with heuristic values in such a way that the
upper bound is not so high as to prevent the development of a viable circuit that complies
with the desired characteristic function (the gate truth table), and the lower bound is not
so low as to interfere too much with the evolution of the algorithm, namely by letting the
number of components grow too much and compromising the ability of the GA to converge

to a useful solution within a reasonable time frame.

For the synthesis of the NAND gate, phase 0 lasted until iteration 101 and the circuit
shown in Figure 4.14 was generated. This circuit conforms to the truth table for a 2-input
NAND gate, although it certainly uses much more transistors than is actually needed to
accomplish this objective. The criterion used to stop this phase was not stagnation, but the
achievement of a fitness of 0.95 by the best chromosome, so it is not unexpected that the
circuit still has redundant or useless components. With this stopping criterion, a very deep
“cleaning” effect on the number of components is not expected, being transferred to the

next phase.

Phase 1, which was dedicated to the minimization of the quantity of components, lasted
until iteration 958, and produced the circuit shown in Figure 4.15a, which yields the classic
topology of this gate. As expected, and unlike the previous phase, this phase had a deep
“cleaning” effect on the number of components, and removed all the redundant or useless

transistors and resistors.
The last phase, dedicated to the minimization of the total MOS area used by the transistors
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Figure 4.15: NAND gate generated at the end of phases 1 and 2.
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of the circuit, lasted until iteration 1503 and produced the circuit shown in Figure 4.15b.
In this figure it can be observed that the topology of the circuit has not changed but the

size of all transistors was reduced.

It is true that circuits similar to the latter had already been obtained (see Figure 3.16 on
page 54) without resorting to the techniques that have now been used in the synthesis of
this circuit. But previously, a NAND port made with 4 transistors was only obtained when
the total number of transistors available to the GA was exactly 4, whereas now, although
the number of transistors available is virtually infinite, the GA ends up producing a circuit

with the same 4 transistors.

Another circuit that has never been successfully synthesized by the GA until now is the
2-input XOR gate. Although many hours of CPU time have been invested in attempts to
synthesize this circuit, it has never been possible to obtain such a circuit while using FLCs.
Of course, this could just be an indicator that not enough hours were spent in this endeavor,
or that the right number of transistors in the embryo circuit was simply not reached, but
these tests were stopped when it was considered that the limit for a reasonable investment

(in research and CPU time) had already been exceeded.

However, applying the same techniques used in the previous test (2-input NAND gate), the
GA generated the circuit shown in Figure 4.16, at the end of phase 3, after 9316 iterations.
This circuit complies with the truth table of a 2-input XOR gate, and although it is much
more difficult to obtain than a NAND gate, as indicated by the fact that phase 0 ended after
6147 iterations (as opposed to only 101 iterations for the NAND synthesis), it expresses
the difference in the synthesis capacity that the GA has when comparing the use of VLCs

versus the use of FLCs.

4.3 Amplifiers using MOS transistors with L =10 pm

In the set of tests described in this section, a LEVEL 1 MOSFET SPICE model was used for
the simulation of all MOS transistors, mainly because of the time penalty for using higher
level models. This choice entails a trade-off between accuracy and simulation time. As
referred in [SYNOPSYS, 2010, pp. 8-9], LEVEL 1 MOSFET models offer low simulation time
and a relatively high level of accuracy for timing calculations but for higher precision results
more detailed models should be used. Or, as clearly stated in [SYNOPSYS, 2010, pp. 68-69]:
Use the LEVEL 1 MOSFET model if accuracy is less important to you than simulation turn-
around time. (...), LEVEL 1 run-time can be about half that of a simulation using the LEVEL 2
model.

In turn, the use of LEVEL 1 MOSFET model implies the use of transistors with a channel
length of no less than 10pm, in order to avoid an increased loss of precision [Allen and
Holberg, 2012, pp. 68] [Patel, 2014].

Although current MOSFET technologies provided by well-known foundries support tran-
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Figure 4.16: XOR gate generated by the GA.
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sistor lengths much smaller than 10pum, the usage of LEVEL 1 MOSFET model dictated
that L = 10 pm should be used in all tests in this section.

4.3.1 A 20dB DC Amplifier

Like the goal of the test described in Section 4.1.1, the goal of this test was the synthesis of a
DC amplifier with a gain of 10, but instead of using bipolar transistors, MOSFET transistors
were used. Although the GA is essentially the same as the one used in the previous tests,
some additional techniques were introduced, like those described in Section 3.4.

4.3.1.1 The embryo circuit

The embryo circuit shown in Figure 4.17 was used for this test. This circuit is similar to
the embryo circuit used for the amplifier described in Section 4.1.1 (Figure 4.3), but this
one uses MOS transistors and provides a bias network, available to the evolvable circuit,
consisting of transistors Mp;,s and M. and a current source, Iy, The evolvable circuit
starts with two random resistors (random in value and in connectivity) and two sets of five
MOSFETs each, all with random W/L ratios and random connectivity. Some parameters of

this circuit can be found in Table 4.4.
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Figure 4.17: Embryo circuit for a DC amplifier with gain 10 using MOS transistors.

The parameters used in this test’s embryo circuit are similar to those used in the previous
test (shown in Table 4.1), but differ in the amplitude of the input signal, in the maximum
number of nodes and in the fact that the transistors, in addition to being of the MOSFET
type instead of being bipolar, now have a variable attribute, which is the W of each
transistor (the L is fixed and the same for all transistors). In this test, the amplitude of

the input signal was increased so that a higher output swing of 2Vpp was achieved. The
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maximum number of nodes that the GA can use to evolve the circuit was increased from
10 to 14 because it was presumed that this circuit could need more nodes, if not in its
final version, eventually in its intermediate versions. The W attribute of transistors is
implemented by an extra real variable (an allele) of the MOS transistor descriptor (gene),

and the GA needs to search and optimize this attribute for each transistor.

Table 4.4: Circuit parameters

Positive power supply Vbp 25V

Negative power supply Vss —2.5V

Target signal source gain k 10

Input signal v,(t) Asin(wt) A=100mV ,w=2nx2Hz
Transistors W/L ratio W/L 1 to 200

Resistors in evolvable circ Rg1,Rga Ry 100 to 1 M2

Max n of nodes in evolvable circ  node,,, 14 (excluding ground)

4.3.1.2 Fitness function

The global fitness function used in this test is similar to the one used in the previous test
(eg. 4.1) but with an extra parcial function, as shown in eq. 4.5. The goal in using this new
function f,,,s  isto optimize the total area used by transistors, which is approximated in

this calculus by summing the channel area, given by the WL product, of each transistor.

ngb = fVO xfIA XfIDD xf]ss anggms Xfmosam (45)

4.3.1.3 Additional techniques

Although this test has several similarities to the previous one, it is distinctive in some

characteristics, one of which is the usage of some of the techniques described in Section 3.4.

One such technique is a detector of parallel components that may be used to accelerate
the simplification of circuits. Although the parallel association of components can still be
done intrinsically by the GA, there is now a procedure to specifically detect and associate

parallel components that may be used during the execution of the GA.

In this test, the circuits evolved by the GA were simulated using the test bed technique
described in Section 3.4.1. As a source of pseudo-noise, a simple series grouping of
two sinusoidal signals was used. This simplification results from a compromise between

simulation time and the intended effect of avoiding floating transistor gates.

Another technique used in this test is the use of phases (or stages) with distinct parametriza-
tions during the evolution of the circuit. These distinct parametrizations allow for some

steering of the GA in order to direct its search and optimization efforts towards a specific
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optimization target, such as the total number of components or the total area used in MOS

transistors.

Along with the parallel association of components and the use of phases, this test also
used a variable number of chromosomes in the population. This was done primarily to
balance the execution time with the search capabilities of the GA. Although the initial size
of the population is 240 chromosomes, as in the previous test, this size may change during

evolution in this test.

Multiphase parametrization

One technique used in this test is multiphase parametrization, which was applied in a
sequence of three phases, as described in Section 3.4.3. Fitness evolution for all phases is
shown in Figure 4.18, where phase transitions are marked by vertical arrows (at iteration
2017 and iteration 10364). Some fitness parameters common to all phases can be found in
Table 4.5, while others used for phase 0 can be found in Table 4.6.

Best chrom fitness and pop mean fitness (before and after low pass filter)

yy e

Fitness

iter=2017

0 5000 10000 15000 20000

pop —+— pop |pf best chrom —s%—

Figure 4.18: Fitness values until iteration 18380.

Table 4.5: Fitness parameters common to all phases

Description Function Weight Desired Achieved
Minimize ey, fv, 0.5 20mV. ey,
Minimize I, =~ fi, 0.25 0.1pA Iy,
Minimize Ipp, — fi,, 0.25 4mA Ipp,,.
Minimize Iss, ~— fi., 0.25 4mA Iss,

Although all weights shown in Table 4.5 are equal to those used in the previous test
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(Table 4.3), the desired values have been changed to match the characteristics of this test.
Because of the higher output swing intended in this test, the desired values for currents
Ipp,,. and Iss  were increased, as was the error ey, (although it was not increased
proportionally).

All four weights shown in Table 4.5 are fixed during the evolution of the GA. Instead,
weights shown in Table 4.6 are changed along the evolution of the GA, according to mapping
functions like the one depicted in Figure 4.9. These weights start with a relatively low value
which is increased when there is enough growth of the best chromosome fitness. However,
it is not easy to combine both intended effects simultaneously in the GA: minimizing the
number of components and the total MOS area used. Therefore, an attempt was made to
dissociate the application of the two effects, applying them sequentially: this was done in
phases 1 and 2.

Table 4.6: Fitness parameters for phase 0

description function weight desired achieved

Minimize ngepes fngm 0.001 to 0.004 1 gene number of genes

Minimize m0sgreq  finos,,., 0.015t0 0.010 technology dependent ) (W;L;)

Using a stop criterion of stagnation of the GA, the first phase terminated in iteration 2017
(Figure 4.18). Then, in phase 1, an increment of 0.1 was done to the last value of the weight
of function fngms' while the weight of function f,,;  was kept equal to the last value used
in previous phase, as shown in Table 4.7. And then the GA was allowed to evolve until

stagnation was reached again.

As seen in Figure 4.18, that change in the weight of function f,  leads to a sudden
decrease in fitness that should be recovered later, which indeed occurred in this test after

the significant period of 8347 iterations.

Table 4.7: Fitness parameters for phase 1

description function weight desired achieved

Minimize ng,pes fngms 0.104 1 gene number of genes

Minimize mosareq  fmos,,., 0.010  technology dependent ) (W;L;)

After reaching stagnation, phase 1 was terminated and the weight of function f,,, _was
increased by 0.1 while the weight of function f,  was kept unchanged, as shown in
Table 4.8. And again, during phase 2, the GA was allowed to evolve until stagnation was
reached, which occurred after 8467 iterations (in iteration 18831), dictating the end of this
phase (and the end of this run of the GA). Similarly, in the transition from phase 1 to phase
2, the change in the weight of function f,,,s caused a sudden (but not so large) decrease

in fitness, which was recovered later (see Figure 4.18, after iteration 10364).
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Table 4.8: Fitness parameters for phase 2

description function weight desired achieved

Minimize ng,pes fngenes 0.104 1 gene number of genes

Minimize moSareq  fmos,,., 0.110  technology dependent ) (W;L;)

Other adjustments

Changing weights are not the only parameter adjustments made on a per-phase basis. Other
adjustments can be made, and in this test some of the GA parameters were adjusted in each
phase transition, such as the stopping criterion (which does not have to be the same for all
phases), the population size (which can be variable, and has a “preferred” value for each
phase), the probability of the mutation-deletion operator (which can be adjusted according
to the purpose of the phase), and the periodicity used to execute the parallel association

detector (whose relevance is not the same for all phases).

A list of parameters common to all phases can be found in Table 4.9. In this table it can be
seen that in this test there was no limit to the number of iterations and that the stopping
criterion for each phase was stagnation. In fact, having no limit on the number of iterations
means that stopping the execution of a particular run of the GA is done manually when the
execution time exceeds what is considered reasonable for that particular research effort
(this is a very subjective issue, depending on human factors such as the willingness to wait,
which is closely related to the urgency of obtaining results, among other factors, and also

on objective factors such as the availability of computer power).

Using only stagnation as a stopping criterion means that the transition to the next phase
is made without any requirement of reaching a minimum fitness threshold. This seems
to be a good criterion for ending phases 1 and 2. But for phase 0 it is only useful if it is
accompanied by close human monitoring of fitness evolution, leading to early termination
of execution if there is a transition from phase 0 to phase 1 without sufficient fitness
achievement. A better (and autonomous) criterion for stopping phase 0 seems to be the

conjunction of reaching a minimum fitness threshold and fitness stagnation.

The parameters shown in Table 4.9 are not phase-dependent, so remain unchanged for all
phases, but other parameters are phase-dependent, like those found in Table 4.10. As can
be seen in this table, the initial size of the population is 240 chromosomes and the preferred
size of the population is also 240, which means that the GA starts with this population
size and will try to regain this same size whenever the number of chromosomes in the

population differs.

In this test, the number of chromosomes may increase each time the parallel association
algorithm is executed, which can (at most) double the population size (if all chromosomes
have at least one pair of components that can be associated). Whenever the population size

is above its preferred value, the GA starts to “lose” some chromosomes (usually two in each
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Table 4.9: GA parameters common to all phases

description symbol value(s) comment

Chromosomes for elitism Nelite 2

Initial number of genes Ngenes 10 applies to each chromosome
Max n of iterations Niter infinite

Stopping fitness threshold fitsop  notused stagnation used instead
Crossover probability Peross 0.7

Mutation probability Pmut 0.16 applies to values and nodes
Mut. insertion probability Pmut 0.01

Mut. replication probability  p,, 0.01

Mut. acceptance probability  py, 1= fpe uses fitness of best chromosome

iteration), “losing” those that have the worst fitness in the population. This decrease in

population size continues until the preferred value is reached again.

Table 4.10: GA parameters for phase 0

Description Symbol Value(s) Comment

Chromosomes in population (”chrom)pho 240 to 480 init val. 240; preferred val. 240

Mut. deletion probability (Pdel)pho 0.02

Parallel assoc. periodicity (Tpad )phO 500 iter

Table 4.10 also shows the probability of the deletion feature of the mutation operator
used in phase 0, (pger)ppo, and the periodicity used to execute the parallel association
detector, (Tpad )pho' Too much use of the parallel association detector can be quite expensive
in execution time of the GA because of the effect on population size and thus in circuit
simulation time, so this periodicity results from a balance between the intended effect of
the detector and the overall execution time of the GA.

In the next phase, all the parameters shown in Table 4.10 are modified and their new

values are shown in Table 4.11. The preferred population size is reduced by half, which

Table 4.11: GA parameters for phase 1

Description Symbol Value(s) Comment

Chromosomes in population (;’Ldmm)ph1 120 to 480 preferred val. 120

Mut. deletion probability (Pdel)phl 0.12 (Pdel)phl =6Xx (Pdel)pho
Parallel assoc. periodicity (Tpgd)phl 100 iter

significantly reduces execution time without sacrificing much of GA’s exploration capabil-
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ities, considering the intended objective of this phase, which is to reduce the number of

components.

The probability of the mutation-deletion operator used in this phase is increased six times,
in order to speed up the process of eliminating useless components. Also, with the same
goal, the periodicity of the parallel association detector is significantly reduced to 100

iterations.

When this phase stagnates and is terminated, phase 2 starts, and an adjustment is made to
the probability of the mutation-deletion operator, reducing it to half of its value used in
phase 0, as shown in Table 4.12. The purpose of this phase is to reduce the total area used
in MOS transistors, and this is done after useless components have been removed from the
circuit, so it is expected that there will be no need to remove more of them. Therefore, it is
expected that reducing this probability will not interfere with the main objective of this

phase, while at the same time it is expected to increase the execution speed of the GA.

Table 4.12: GA parameters for phase 2

description symbol value(s) comment

Chromosomes in population (nchmm)ph2 120 to 480 preferred val. 120

Mut. deletion probability (pdcl)phz 0.01 (pdel)phz =0.5x% (Pdel)pho
Parallel assoc. periodicity (Tpad )ph2 100 iter

The preferred population size in this phase is kept small, at 120 chromosomes, because it is
expected that there will be no topology changes in the circuit, only component sizing, and
this can be accomplished in small populations. The parallel association detector has not
been turned off, but it is expected to have little or no effect in this phase, since its purpose

is expected to have been fully served in the previous phase.

4.3.1.4 Synthesized circuits at the end of each phase

Using the parametrization described above, the circuit implemented by the best chromo-
some was chosen as the outcome of the GA after execution of phase 2. At the end of phases
0 and 1 there is also one chromosome that has the best circuit generated in that phase.
Analyzing the best circuit of each phase clarifies the contribution of each phase to the final

result.

Circuit generated in phase O

The GA generated the circuit shown in Figure 4.19 at the end of phase 0 (in this circuit
the W/L ratio of each transistor is shown next to the transistor symbol, near the transistor
naming label). This circuit already fulfills the main objectives of this test, namely the simi-
larity between the output signal obtained and the desired one, and the current limitations
imposed on the power and input voltage sources. However, it is not optimized either in

terms of the number of components or the area occupied by the transistors.
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Figure 4.19: DC amplifier with gain 10: circuit generated at the end of phase 0.
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Figure 4.20 shows the evolution of the number of genes of the best chromosome along with
its fitness and the average number of genes used in the population. In this graph, there are
no visible changes in both the number of genes of the best chromosome and its fitness after
iteration 504. However, in the previous hundred or so iterations, the fitness of the best
chromosome is already high enough to cause a significant increase in the weight of function
Jgenes (s€t by its mapping function). Having a relatively high value (considering this phase
context) for this weight during most of the evolution period shown in Figure 4.20 implies

that this phase already benefits from some of the “cleaning” effect provided by function

fngcnes '
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Figure 4.20: Number of genes and best chromosome fitness in phase 0.

After iteration 504 there was no change in the number of genes of the best chromosome,
which suggests that, knowing that there are still useless components in the circuit, that the
upper limit of function’s fngm weight could be higher than the one used in this phase. Nev-
ertheless, the next phase is intended to address this issue of removing useless components

remaining in the circuit, so this upper limit was left unchanged for other similar tests.

Circuit generated in phase 1
Although there aren’t parallel components in the circuit of Figure 4.19, there are still
useless components in this circuit. The next phase, phase 1, managed to eliminate some of

them (two transistors and three resistors), producing the circuit shown in Figure 4.21.

This circuit has less components and still keeps its level of accomplishment regarding not
only the similitude between its output and the target signal but also regarding current
consumption from power and input sources. To describe how this was achieved, in the

context of this explanation the reduction of components will be referred to as the secondary
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Figure 4.21: DC amplifier with gain 10: circuit generated at the end of phase 1.
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objective of this phase, while the similitude between the circuit’s output and target signal,
together with its current consumption from power and input sources, will be referred to
as the main objective of this problem. The feature of maintaining the fitness related to the
main objective while being able to reduce the number of components, i.e., while being able
to increase the fitness related to secondary objective being addressed in this phase, was not
managed directly by the choice of weights of all partial fitness functions. Instead, it was
managed by first detaching the global fitness function in two, one that represents the main
objective and other that represents the secondary objective, and then by adding an extra
penalizing factor that decreases a chromosome’s fitness if the fitness of the main objective
decreases. The intention is to lead the GA (in this phase) in improving the fitness of the

secondary objective without reducing the fitness of the main objective.

If we consider the global fitness function detached in two, fop, (eq. 4.6) and fgp, (eq. 4.7),
then, in this phase (and also in phase 2), the global fitness function for a chromosome is

given by eq. 4.8, where k,; is the penalizing factor.

fglbl = fVo XfIA XfIDD Xffss (4.6)
fglb2 = fngws X fmosa,.ea (4-7)
feib = fatv, X fatv, X kpni (4.8)

This penalizing factor kj, is normally 1.0 but is reduced if f, decreases. Some options
are implemented in the GA to decide when and how much k,, should be reduced. The
decision about when to reduce k,,; has two options: 1) when fglbl decreases compared to
its value in last iteration’s best chromosome; 2) when f,, decreases compared to its value

in last phase’s best chromosome.

The decision regarding how to reduce k,, also has some options. This factor may be
drastically reduced to zero, or may be reduced to another value (between 0.0 and 1.0)
without such an absorbing effect. In the latter case, it can have a fixed value or a value that

depends on the reduction experienced by fgp -

The reduction in kj,; when there is a reduction in fy;, has a penalizing reinforcing effect
on the evaluation of the chromosome, f,p, reducing it more drastically if only the effect
of fop, were taken into account. The idea is to reduce the probability of selection of this

chromosome because it is “loosing” its “quality” regarding the objective evaluated by fep, -

In this test, an option was used that sets k,,; to zero if fy; is reduced below 0.95 of this
phase’s best chromosome in the previous iteration. However, it seems (from further testing)

that it is preferable to reduce k,,; depending in the reduction experienced by f,;, when

97



compared to the fitness in last phases’s best chromosome.
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Figure 4.22: Number of genes and best chromosome fitness in phase 1.

Circuit generated in phase 2
Notice that although some changes were made to the circuit in phase 1, namely the removal
of some components, most of the transistors remained unchanged in size. The optimization

of transistor sizes was left for phase 2, which produced the circuit shown in Figure 4.23.

During phase 2, a few more components were removed (two transistors and a resistor), and
almost all the transistors were reduced in size. This was a slow process, taking about 8000
iterations, although most of the time the population was half the size it was in phase 0,
which reduced the execution time significantly. As can be seen in Figure 4.24, there were
still some adjustments in the number of components until iteration 12703, but then there
were no more, leaving only the optimization of the size of the transistors to be made, which
was also a slow process since it took 5678 iterations to be concluded (the end of the phase

was determined by fulfillment of a stagnation criterion).

Figures4.25a and 4.25b represent desired and achieved output signals (respectively), and
it can be noticed that the achieved output signal has some offset (of —163 mV) which,
similarly to what was done for the previous test, was purposely allowed in the solution of
this problem. For the signals shown in Figure 4.25, the circuit obtained in phase 2 also
meets the specifications for currents Ipp, , Iss,
NGSPICE) are 1.83 mA, 1.73 mA and 1.01 nA, respectively.

and 14 , whose values (measured in
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Figure 4.23: DC amplifier with gain 10: circuit generated at the end of phase 2.
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Figure 4.24: Number of genes and best chromosome fitness in phase 2.
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Figure 4.25: Desired (target) and output signals
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4.3.2 A 32dB DC Amplifier

This test had a similar goal as the previous one, the synthesis of a DC amplifier using
MOSFET transistors, but instead of a gain of 10, the goal in this test was to achieve a voltage
gain of 40. All the techniques used in the previous test were also used in this one. However,

there were some changes in the circuit parameters and in the embryo circuit.

4.3.2.1 The embryo circuit

The most relevant change in the embryo circuit was the use of a new input signal which
generates the desired output signal illustrated in Figure 4.26a. The output signal actually
obtained by the circuit synthesized by the GA in this test is shown in Figure 4.26b.

Target signal vVigt QOutput signal Vo

1 ! ! ! ! v(200) ——

0.5

-05

0 0.5 1 15 2 25 3 0 0.5 1 15 2 25 3
S S

(a) Desired (target) (b) Output

Figure 4.26: Desired (target) and output signals

In this new desired output signal, the amplitude of the sinusoid has three distinct values,
each used during two full periods of the sinusoid. The last and higher value is 1V, which
leads to an output swing of 2V, as intended by the circuit’s specifications. The previous
value is one order of magnitude lower, and the first value is 0.01V, i.e., two orders of
magnitude lower than the higher value. The intention is to promote a gradual achievement
of the final goal by presenting two partial and easier goals to the GA, assuming that it is
easier for the GA to synthesize a circuit of gain 40 with an output swing of 0.02'V than it is
with an output swing of 2 V. This technique aims to steer the evolution of the circuit by

promoting the successive achievement of goals with increasing difficulty.

Another change made in this test was to increase the supply voltages, as shown in Table 4.13.
In some preliminary tests done earlier, increasing the supply voltage seemed to facilitate
the synthesis of higher gain circuits. However, this needs to be confirmed by a sufficient

number of tests where the only variable parameters are Vpp and Vsg values.

The range of resistor values and the maximum number of nodes were not changed in this
test because there was no evidence that the ones used so far were not suitable for the actual

purpose.
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Table 4.13: Circuit parameters

Positive power supply Vbp 50V

Negative power supply Vss —5.0V

Target signal source gain k 40
w=2nx2Hz

Input signal vy (1) A(t)sin(wt) flgg i ;55001»11;/\} It tee[O[l, ’1 ]ZS]S
A(t)=25.0mV, te[2, 3]s

Transistors W/L ratio W/L 1 to 200

Resistors in evolvable circ Rg1,Rg2.Rey 1092 to 1 MQ

Max n of nodes in evolvable circ  node,,,, 14 (excluding ground)

The range of W/L ratios in MOS transistors was also kept unchanged in this test, although
it can be argued that larger ranges should be tested since there is a high occurrence of
transistors in parallel in intermediate circuits along the evolutionary process. On the other
hand, it is also true that the GA was able to synthesize circuits that fulfilled the objective
without using transistors in parallel, or transistors with that ratio close to the upper limit

of the allowed range.

Changing some default transistor model parameters

In all results presented so far where MOS transistors were involved, a LEVEL 1 MOSFET
model was used to simulate such transistors. Although the use of other models was
attempted in several experimental runs of the GA, the time penalty for using higher level
models, such as BSIM3, was found to be extraordinarily high. This dictated that the LEVEL
1 MOSFET model should be the default model used by the GA, given the computing power
available for this research work. In this context, “default” means that all tests should run at
this level unless there is a good reason to increase it, and expect a corresponding increase

in test execution time.

However, the default parameters of the LEVEL 1 MOSFET model use the same value for
the process transconductance for both NMOS and PMOS transistors, which often produces
unrealistic results, even at the operating point of simple circuits such as the embryo circuit
used in this test. In order to obtain closer results for the operating point of the embryo
circuit when comparing simulations performed with the LEVEL 1 MOSFET model and the
LEVEL 8 version=3.3.0 MOSFET model (the LEVEL 8 version=3.3.0 MOSFET model is a
version of the BSIM3 model in NGSPICE), some default parameter values of the LEVEL 1
MOSFET model have been changed and are now set in the embryo netlist for all circuit
simulations performed by the GA. An example of such a netlist is shown in Figure 4.27,
which, in addition to providing a global view of the netlist, also allows for checking that
the default values of Kp, Vto, and LAMBDA parameters have been superseded by new values.
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Amplifier with MOSFETs and VLC
*

* Power supply

VDD 7 0 5.0V
Rvdd 7 0 1G
VSS 8 0 -5.0V
Rvss 8 0 1G

*

* Simul parameters

.PARAM n width=200u

.PARAM n_len=10u

.PARAM pn_ratio=2.7
transconductance.

*

.PARAM p width={n width * pn ratio }
The W/L ration

.PARAM p_len={n_len}

*

.PARAM kp_nmos=2.07E-05
both NMOS and PMOS) .

.PARAM kp_ pmos={kp nmos / pn_ratio}
more reallistic (and closer to BSIM3).
*

.PARAM freqg={2}

.PARAM gain={40.0}

.PARAM Vo_amp={1}

*

.PARAM Vi2 amp={Vo amp / gain / 100}

. PARAM
. PARAM
*
.PARAM Va2 _amp={Vi2_ amp}

.PARAM Val amp={Vil amp - Va2 amp}
parameter.

Vil amp={Vo_amp / gain / 10}
Vi amp={Vo amp / gain}

.PARAM Va_amp={Vi_amp - Val amp - Va2 amp}

*

* Bias network

Mpbias 2 2 7 7

Mnbias 4 4 8 8 MY NMOS
Ibias 2 4 100u

*

* Load resistors

Rloadl 7 3 20k

Rload2 3 8 20k

*

* Input sources

Va 1 300 DC O SIN
Val 300 301 DC 0 SIN
Va2 301 0 DC 0 SIN
Rsl 1 0 1G

*

* Target source

Etgt 200 0 1 0
Rtgt 200 0 1G

*

* Pseudo noise sources

VNoisel 100 99 DC 0 SIN
VNoise?2 99 0 DC O SIN
RNoise 100 0 1G

*

* Transistor models

.MODEL MY PMOS PMOS level=1
.MODEL MY NMOS NMOS level=1
*

* Analysis

.TRAN 300u 3

*

.END

Kp={kp_pmos}
Kp={kp_ nmos}

$ Width of NMOS transistors used in bias network.
$ Length of NMOS transistor used in bias network.
$ Heuristic ratio between PMOS and NMOS process

$ Width of PMOS transistors used in bias network.

$ is such that Vgs will be aprox. simetrical for the
transistors of the bias network.
$ Length of PMOS transistor used in bias network.

$ Kp=2.07E-05 is the default Kp used in Level 1 (for
$ Use the same Kp for NMOS in this run,
$ but use a lower Kp for PMOS transistors, which is

$ Test frequency
$ Desired gain of the amplifier.
$ Desired output amplitude.

$ Lower input amplitude.
$ Intermidiate input amplitude.

$ Higher input amplitude.

$ Lower input amplitude voltage source parameter.
$ Intermidiate input amplitude voltage source

$ Higher input amplitude voltage source parameter.

MY PMOS W={p_width} L={p_len}
W={n width} L={n_len}

(0 {va amp} {freq} 2)

(0 {val_amp} {freq} 1)

(0 {va2 _amp} {freqg} 0)
{gain}

(0 1.0 {1000*freqg} 0)

(0 1.0 {100*freqg} 0)

Vto=-1.6
Vto=1.6

LAMBDA=0.04
LAMBDA=0.04

Figure 4.27: Spice netlist for the embryo circuit.
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With these new values for those parameters, the operating point analysis of some simple
circuits (such as the embryo circuit of this test) did indeed show closer values when
comparing simulations with the LEVEL 1 MOSFET model and the LEVEL 8 version=3.3.0
MOSFET model. However, this does not guarantee any degree of similarity of results for
other analyses.

4.3.2.2 Synthesized circuits at the end of each phase

The circuit of Figure 4.28 was obtained at the end of phase 0 of this run, after 84 iterations
of the GA. A detail of the fitness evolution for the first 160 iterations is shown in Figure 4.29,
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Figure 4.28: DC amplifier with gain 40: circuit generated at the end of phase 0.
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where it can be seen that the end of this phase was not decided by stagnation, but by the
best chromosome in the population reaching a fitness threshold of 0.95.

This is a variant to the methodology of waiting for stagnation that can be used in phase
0 if the overall parametrization of the GA is sufficiently fine-tuned so that a given fitness
threshold has a sufficiently known meaning of success. Of course, there is a risk that, by
stopping evolution only when a fitness threshold is reached, we may not get the best circuit
that could possibly be obtained at this phase, but it should be remembered that this phase
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Figure 4.29: Fitness values until iteration 160.

is followed by other phases that are dedicated to circuit optimization.

The circuit of Figure 4.28 has several redundant or useless components that were removed
during phase 1, which produced the circuit shown in Figure 4.30. This phase (phase 1)
lasted until iteration 2081 and was terminated because of fitness stagnation, and its fitness
evolution can be seen in Figure 4.32. In the circuit of Figure 4.30 it can be seen that
transistors M, and M, are the largest ones, having W/L ratios near the maximum allowed
for this test (which was 200).

The next phase was dedicated to the optimization of the MOS area used by transistors, and
resulted in the circuit shown in Figure 4.31 (some operating point measurements have been
added to this schematic). During this phase, all transistors suffered some reduction in their
W/L ratio, which means that the total area was reduced (note that, in all tests, the length L
of the transistors is kept constant throughout the run). In particular, notice how the W/L

ratios of transistors M,; and M, have been reduced from 190 to 67 and 81, respectively.

The output signal obtained by this circuit has already been shown in Figure 4.26b, where
an offset voltage of —3.34V is observed. It should be noted that (similarly to what was
done in previous tests) it was not used any form of penalty for the existence of this offset
voltage, so the GA was free to find the best solution without taking this offset into account.

For a continuous sinewave of 1V amplitude at its output, the circuit obtained in phase
2 meets the specifications for currents Ipp, , Iss, and I4 , whose values are 0.81 mA,
0.81 mA and 1.00 nA, respectively.
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Figure 4.32: Fitness values until iteration 5642.
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4.3.2.3 Genes and fitness across phases

As in the previous test, this test also shows a significant relationship between the number
of genes in chromosomes and the evolution of fitness, as illustrated in the next plots
(Figures 4.33, 4.34, 4.35). This relationship is particularly visible in the best chromosome
in the population when examined over the course of evolution, and is an important aspect

of these tests made possible by the use of VLC.

Genes and fitness across phase 0

Figure 4.33 shows the evolution of the number of genes of the best chromosome along with
its fitness, as well as the average number of genes used by each chromosome for phase 0 of
this test. The end of this phase occurred at iteration 84 (marked with a vertical arrow in
the graph), when the fitness value reached a predefined threshold of 0.95 (which was the
stopping criterion adopted for this phase).

Number of genes and fitness (smoothed lines)
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Figure 4.33: Number of genes and best chromosome fitness in phase 0.

To try to identify what is happening during this phase, it can be broken down into several
parts. In a first part, considered since the beginning until about iteration 48, the average
number of genes in the chromosomes grows consistently for almost all iterations, although
the best chromosome fitness remains at a low value of about 0.1. The number of genes of
the best chromosome suffers a sudden increase from 10 to 19 at about iteration 24, but with

no evidence of any impact on its fitness.

At about iteration 43, the number of genes of the best chromosome starts to increase (non-
monotonically, up to a maximum of 25) leading to the first significant increase in its fitness,

a stepwise increase from about 0.1 to about 0.5, which occurs between iterations 48 and
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53. However, by the time this fitness value is reached, the number of genes has already
returned to 19. It seems that this increase in the number of genes was necessary for the
occurrence of that increase in fitness, even though these extra genes are no longer needed
later. This pattern of behavior (where an increase in the number of genes immediately

precedes an increase in fitness) is observable in numerous tests similar to this one.

From about iteration 54 to 61 there is another stepwise increase in the fitness of the best
chromosome, which was not accompanied or preceded by any relevant variation in the
number of genes on that chromosome (although the average number of genes continued its

upward trend).

Starting with iteration 67, there is another stepwise increase in the fitness of the best
chromosome, accompanied by an increase in its number of genes, which rises from about
19 to 26. After this increase in fitness, reaching the threshold of 0.95 is approached, but
before it is reached, the number of genes decreases from 26 to 23, which seems to be
the principle of the “cleaning” effect mentioned before. And when, in iteration 84, that
threshold is finally reached, the number of genes has already decreased to 20, which
undoubtedly results from that “cleaning” effect on the circuit.

Genes and fithess across phase 1
Phase 1 lasted until iteration 2081 and, as shown in Figure 4.34, the number of genes

decreased in a sustained manner during this phase.

The fitness of the best chromosome had its usual sudden decrease when the phase changed
from 0 to 1, caused by the shift of weights, and then increased in a sustained way until
the phase stopped (by stagnation). This behavior, both for the evolution of the number of

genes and for the evolution of the fitness, seems to be a recurrent pattern for this phase.

Genes and fitness across phase 2

Phase 2, which lasted until iteration 5642 and was dedicated to optimizing the MOS
area used by transistors in the circuit, did not change the number of genes in the best
chromosome, since no component was removed from the circuit, as shown in Figure 4.35.
The average number of genes in the chromosomes converged to the same value of the
best chromosome, which is consistent with what happens during most of this phase: local

exploration in search of the best sizes of existing transistors.

4.3.3 A 38dB DC Amplifier

As in the previous test, in this one the goal was the synthesis of a DC amplifier using
MOSEFET transistors, but this time with a gain twice the gain of the last synthesized
amplifier, i.e., a gain of 80. All the techniques used in the previous test were also used
in this one. In this test, however, the possibility that the circuit could contain capacitors
was added and a single pole low pass frequency response was included in the desired

specifications. An extra phase, dedicated to the optimization of the frequency response of
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Figure 4.34: Number of genes and best chromosome fitness in phase 1.
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the circuit, was added, so the evolution in this test consists of 4 phases.

Also, a term has been added to the global fitness function that slightly penalizes the
existence of offset at the output of the amplifier. This was done in an attempt to minimize
this offset, but in preliminary runs it was verified that this penalizing factor can be highly
disruptive to the evolution of the GA, so its weight in the global fitness function was kept
low.

4.3.3.1 Embryo circuit and frequency response

The embryo circuit used in this test is very similar to the one used in the previous test, as
shown in Figure 4.36. However, in this embryo circuit, the target signal Vi, is the low-pass
filtered version of the signal produced by source kV,4 (with k = 80 in this test). The low-pass
filtering is produced by R; and C;, which were dimensioned so that the pole frequency is
100 kHz. Hence, it was expected that the GA produces an amplifier with a bandwidth of
100 kHz.

Voo A\ Vo A\
Evolvable circuit
Mbms:] — B 2x 0
.[/t!?t " ' ' RLoadl

. B, 20k y, @)

75X o

L v,

A/[”z
—17“’ ="
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R, Vi
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M, M, 20k
2%171115 :] | ‘Tiv\',’L ?
Za! 0 1x
N Vi ' i ' N Vi
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Figure 4.36: Embryo circuit for a DC amplifier with gain 80 using MOS transistors.

To achieve this goal of sizing the frequency response of the amplifier, an AC analysis is
performed (in addition to the TRAN analysis already carried out) and a merit function is
used that measures the difference between the desired frequency response and the actual
one. Also, the GA is allowed to use capacitors in the synthesis of the circuit. However, the
existence of more than one capacitor in the circuit is heavily penalized, so it is expected
that the GA manages to match the desired frequency response with only one capacitor in
the circuit. Note that there is already a capacitor in the embryo circuit, although this is not
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mandatory because in this test the mutation operator can add capacitors to the circuit at

any stage of the evolution.

Another change made in this test was to increase the upper limit of the allowed W/L ratio
range in transistors from 200 to 500, as shown in Table 4.14. The intent of raising this upper
limit was to facilitate the synthesis of higher gain circuits, keeping in mind that the fitness
function includes penalization for high MOS areas used by transistors. Thus, although
this upper limit is now much higher than in previous tests, it was hoped that intermediate

circuits would use such large W/L ratios if necessary, but that final synthesized circuits

would not.
Table 4.14: Circuit parameters
Positive power supply Vbp 5.0V
Negative power supply Vss —5.0V
Target signal source gain k 80

w=2nx2Hz
A(t)=250puV, tel0, 1]s
A(t)=2.50mV, t €]

A(t) =

Input signal v4(t) for TRAN analysis A(t)sin(wt) 1, 2]s
(t)=25.0mV, te[2, 3]s

Input signal v,4(t) for AC analysis Asin(wt) ?r:ql. '100\; sweep from 1 Hz to 1 MHz
Transistors W/L ratio W/L 1 to 500

Resistors in evolvable circ Rg1,Rgp..Rgy 1062 to 1 MQ

Max n of nodes in evolvable circ node, 14 (excluding ground)

The maximum number of nodes and the range of resistor values were left unchanged, as
there was no evidence (from previous tests) that there would be any advantage in changing

them.

4.3.3.2 Synthesized circuits at the end of each phase

The circuit shown in Figure 4.37 was obtained at the end of phase 0 of this run, after 1919
iterations of the GA. Fitness evolution during this phase can be seen in Figure 4.38 (in the
first 1919 iterations). As in the previous test, the stopping criterion for this phase was not
stagnation, but the achievement of a fitness threshold of 0.95 by the best chromosome in
the population. The use of this stopping criterion usually shortens the duration of this
phase at the possible cost of not obtaining a better circuit, namely in terms of the number
of components used, and in fact this circuit still has some redundant or useless components.
However, it is expected that the following phases will lead to a further and satisfactory

optimization of this circuit.

The next phase produced the circuit shown in Figure 4.39, after 3424 iterations of the GA.
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Figure 4.37: DC amplifier with gain 80: circuit generated at the end of phase 0.
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Fitness evolution for this phase can be seen in Figure 4.38, between iterations 1920 and
3424.
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Figure 4.39: DC amplifier with gain 80: circuit generated at the end of phase 1.

It is worth noting that although this circuit has already been somewhat “cleaned” during
phase 1, and some useless components have been removed, there are still some redundant

components, namely resistors Rgl, Rgz, and Rg3.

As in the circuit obtained in phase 0, this circuit also has one capacitor, which is responsible
for the dominant pole of the amplifier. By this time, at the end of phase 1, it may not yet
guarantee the desired frequency response, but it is already positioned in the same place on

the circuit where it will remain until the final circuit is synthesized (as will be seen later).

As in the previous test, phase 2 was devoted to optimizing the MOS area used by the
circuit’s transistors, resulting in the circuit shown in Figure 4.40. The criterion to stop
this phase was stagnation, and it resulted in a rather long phase, as it lasted until iteration

104 879. Fitness evolution for this phase is shown in Figure 4.41.

During this phase, the GA tried to minimize the total MOS area used by the circuit’s

transistors without compromising other specifications, in particular the similarity between
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Figure 4.40: DC amplifier with gain 80: circuit generated at the end of phase 2.
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Figure 4.41: Fitness values in phase 2.
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the desired and actual Vj signals, which turned out to be a difficult task, as evidenced by
the time taken by the GA. In fact, the GA succeeded not only in reducing the area occupied
by transistors, but also in reducing the number of components and in sizing capacitor Cg

to a value very close to its final value in this test, as will be seen below.

The graphical representation of fitness evolution for this phase, as shown in Figure 4.41,
can shed little light on what is happening within the GA, as it can give the impression that
nothing is happening between (approximately) iterations 10 000 and 100 000. However,
during this period, the GA is searching for solutions that increase the global fitness function
(as usual), but without decreasing a partial fitness function that is considered the primary
(or mandatory) objective in this problem, similarly to what was described by equations 4.6,
4.7, and 4.8 regarding the test presented in Section 4.3.1. The stopping criterion for this
phase was stagnation, so if the GA continued to search for a better solution until iteration
104 879, it means that up to that point there was occasionally enough increase in either
the fitness of the best chromosome or in the average fitness of the population to reset
the counters that ultimately denote the stagnation state (which happens if these counters
are not reset to some iteration limit). Of course, this may also mean that the parameters
used in the stagnation decision need some fine-tuning. After all, they are simply heuristic

parameters that result from experience acquired along this work.

In this test, a fourth phase was added that was dedicated to the optimization of the
frequency response of the amplifier. This turned out to be a much shorter phase than
the previous one. Phase 3 stopped at iteration 105831, producing the circuit shown in
Figure 4.42, to which some operating point measurements were added.

During this last phase, only minor changes were made to the circuit. Fitness evolution for
this phase is shown in Figure 4.43. From this figure, it is difficult to see what happened
to the fitness values during this phase, and one might even erroneously conclude that
nothing happened. However, looking more closely at the fitness data produced during
this phase, it can be verified that the initial fitness of the best chromosome in this phase is
8.953360 x 107!, but at the end of the phase it is 9.047 160 x 10~ 1. It was the adjustment
of the values of some components of the circuit corresponding to this small variation in the

fitness that occurred during this phase.

In this circuit, the largest transistor has a W/L ratio of 207. As mentioned before, although
the maximum W/L ratio allowed in this test was 500, and although some transistors in
intermediate circuits do in fact use W/L ratios close to this maximum value, no transistor
in the final circuit has a W/L ratio close to this maximum. Even though this behavior
could not be guaranteed, it was in fact the desired behavior of the GA, and this outcome
contributes to the belief that the existence of a maximum limit of this order facilitates the

synthesis of this type of circuit (although this needs to be confirmed by further testing).

The offset voltage at the output of the amplifier is not zero, as desired, but is approximately
—0.95V. This is a better value than the one obtained in the previous test (described in
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Figure 4.42: DC amplifier with gain 80: circuit generated at the end of phase 3.
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Figure 4.43: Fitness values in phase 3.
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Section 4.3.2), which was approximately —3.34V, and obtaining it is possibly related to
the use of the function that penalizes the existence of a non-zero offset. However, without
further testing focused on this subject, it is not possible to know how much influence that

function actually has in reducing the absolute value of the offset voltage.

This phase was dedicated to the optimization of the frequency response of the amplifier,
which was not a specification in previous tests. The frequency response plots for the circuit
obtained in this phase are shown in Figure 4.44. It can be seen in both plots, either in
the magnitude response plot and in the phase response plot, that the frequency response
obtained is very close to the desired one, since the respective traces overlap in most of the
frequency range.
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Figure 4.44: Frequency response at phase 3

This result shows that the GA was able to select a location in the circuit for a single capacitor
and size it correctly to create a dominant pole at the intended frequency. However, when
comparing the frequency response obtained in this phase with those obtained in the
previous phases, it appears that there are no major differences, suggesting that some

changes in the parameterization of the phases might be appropriate.

One possible change could be to simply eliminate this last phase, while keeping the
parameterization of the previous ones. However, following what has been done with the
introduction of phases in the evolution of the GA, dedicating each phase to the optimization
of a specific characteristic of the circuit, it would perhaps be preferable to further reduce
the weight of the function that deals with the frequency response in the first phases (which
was already a relatively low weight), in order to eventually reduce the difficulty of the tasks

of these phases and, consequently, to see the duration of these phases reduced.

As in the previous test, currents Ipp _ , Iss, —and I, were measured (for a continuous
sine wave of 1 V amplitude at the output of the circuit generated in this phase), and the
values obtained were 1.65mA, 1.65mA and 1.00nA, respectively. These values meet the

specifications for these currents.
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4.3.3.3 Genes and fitness across phases

Once again, as in the previous tests, there is an important relationship between the number
of genes in chromosomes and the evolution of fitness within each phase, as will be discussed

in the following paragraphs.

Genes and fitness across phase 0

Figure 4.45 shows the evolution of the number of genes of the best chromosome along with
its fitness, as well as the average number of genes used in the chromosomes for phase 0
of this test. The end of this phase occurred at iteration 1919 (marked on the graph with a
vertical arrow), when the fitness value reached a predefined threshold of 0.95, which, as in

the previous test, was the stopping criterion adopted for this phase.

Number of genes and fitness

80 1
----------------------------------------------------------------------------------------- 0,95
70
4 0.8
&0
50
" 4 06
@ W
S 40 @
S =
— fram
20 4 0.4
..
\.—.\_'M
20
1 02
10
iter=1919
O 1 1 1 1 0
0 500 1000 1500 2000

n genes mean (smoothed ling) ——
best chrom n genes (smoothed line)
best chromfit ——

Figure 4.45: Number of genes and best chromosome fitness in phase 0.

In an initial stage of this phase, up to about iteration 180, the number of genes increases
rapidly, up to a maximum that is ten times greater than the number of genes of the best
chromosome generated at the end of this test (the final circuit synthesized in this test uses
7 genes, i.e., 7 components). This fast increase in the number of genes is accompanied by a
steep increment in fitness, which keeps increasing even after the number of genes starts
to decrease (after about iteration 180). As mentioned before, this behavior seems to be a

pattern, in this type of tests, for phase 0.

After iteration 180, the number of genes steadily decreases, and the fitness steadily increases
until the threshold of 0.95 is reached. Note that at the end of this phase, the number of
genes in the best chromosome is 29, which is (still) much higher than its final value.
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Genes and fithess across phase 1

Phase 1 was dedicated to the reduction of the number of components in the circuit, and
indeed this number was reduced from 29 to 14, as shown in Figure 4.46. Although this is a
significant reduction, it still leaves the circuit with twice the number of components of its

final version.
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Figure 4.46: Number of genes and best chromosome fitness in phase 1.

In the transition between phase 0 and this phase, the fitness of the best chromosome has a
sudden decrease, as expected, because of the changes in the fitness weights. During this
phase, the fitness of the best chromosome increased consistently until stagnation occurred,
which dictated the end of this phase at iteration 3424.

Genes and fitness across phase 2 and phase 3

Phase 2 was a long phase that lasted until iteration 104 879 and was dedicated to the
reduction of the total MOS area used by transistors in the circuit. As mentioned before,
during this phase the GA not only managed to reduce this area, but it also managed to
reduce the number of components, which is shown in Figure 4.47. This reduction occurred
at the beginning of this phase and brought the number of genes down to its final value of 7.
It is also at the beginning of this phase that there is a significant increase in the fitness of

the best chromosome, probably mainly due to this reduction in the number of genes.

For the remainder of this phase, the GA put a lot of effort into local exploration, trying not
only to further reduce the total MOS area used by transistors, but also trying to improve
other characteristics of the amplifier represented in the global fitness function. However,

this effort is not evident in Figure 4.47, as there is little or no change in the traces just after
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Figure 4.47: Number of genes and best chromosome fitness in phase 2.

iteration 3424. This lack of evidence of activity also occurs in the graphs of the number of

genes and of the fitness of the best chromosome of phase 3, as shown in Figure 4.48.
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Figure 4.48: Number of genes and best chromosome fitness in phase 3.
Phase 3 lasted until iteration 105831 and was dedicated to fine-tuning the frequency

response of the amplifier. However, as mentioned before, few changes were made to

the circuit since its version generated in phase 2, and the number of genes of the best
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chromosome was kept unchanged during this phase, as can be seen in Figure 4.48.

Duration of a test

To get an idea of the order of magnitude of the duration of a test like this, it should be
referred that this test lasted approximately 18 days. The run that generated the circuit
presented in phase 3 took 237.5571 ks, which is about 2.75 days, and was performed using
16 cores of an “AMD EPYC 7501” type CPU (as were all the other runs of this test). It was
a run selected from a set of very few successful runs produced by this test, where about
several tens of runs (with different seeds used to initiate the pseudorandom generator)
were attempted. Many of these runs were aborted before generating a useful circuit, either
because the GA stagnated early, or because the intermediate circuit simulations began to
take too long, preventing the GA from evolving in a timely manner. Another reason for
interrupting a run is to exceed the time limit for using a specific computational resource.
Many other runs simply do not converge on a useful circuit and stagnate somewhere before

a useful solution is found.

Understandably, the duration of a test depends strongly on the machines that are available
to run that test at a given time: if more machines (or more powerful machines) are available
for a particular test, then it will certainly take less time to be concluded. But the point here
is not exactly machine dependency: the main point here is that this type of testing takes a
long time to be carried out within the reasonable and expected computational resources

available for a research work like this one.

This is a severe limitation on the ability to perform exhaustive tests, such as those that
would be necessary to try to optimize various parameters used by the GA. For example,
both the optimization of the weights of the fitness function used on the set of phases of
arun and the improvement of the heuristics used in the stagnation decision would be of
great interest to try to increase the global evolution speed of the GA.

4.3.3.4 Using Fourier analysis to evaluate the amplifier output signal

In the aforementioned amplifier tests, the GA’s ability to generate an amplifier with the
desired gain was evaluated primarily through the measurement of the similarity between
the signal obtained at the amplifier’s output and the desired (or target) signal, both obtained
through a transient analysis produced by NGSPICE (Section 4.1.1.2, eq. 4.3).

This process of evaluating the “quality” of the signal produced by the amplifier has the
advantage of being relatively simple and fast to calculate. However, it does have some
drawbacks. A non-zero ey, error is not easily related to measures of signal imperfection
commonly used to rate the quality of an amplifier, such as Total Harmonic Distortion
(THD). Moreover, while it is straightforward to employ the ey, error for scenarios in
which the GA is tasked with generating an amplifier with a specific gain, it is no longer a
simple matter to utilize it for problems in which the GA is required to produce an amplifier

with a gain above a certain threshold, namely in a context in which a higher gain is better.
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Another way to evaluate the “quality” of the signal produced by the amplifier is to perform
a Fourier analysis after the transient analysis, both of which are performed by NGSPICE.
Using data generated by a single Fourier analysis, it is possible to measure (at a given
frequency) the gain of the amplifier, the offset of the output signal, and its THD. This
method was compared to the previous one in terms of speed, and it was determined that the
additional computational load was minimal, being offset by the duration of the remainder
of the simulation. Consequently, this method was employed for a variety of tests throughout

the course of this work, particularly on several of those described later in this document.

4.4 Amplifiers using MOS transistors with L = 0.5 pm

This section presents additional examples of amplifier synthesis using the previously
described techniques, complemented by a procedure for guided successive approximations.
This procedure uses the circuit generated in one run of the GA as the embryo circuit for the
next run (or set of runs). It changes the circuit’s specifications in each run until a circuit
with the desired specifications is eventually obtained. The first run uses a similar embryo
circuit to those presented before. Subsequent runs use the circuit produced by the previous
run. This procedure aims to obtain circuits with tighter specifications that could not be
obtained in a single run. From experience gathered along this work with circuit synthesis
using GAs, it seems that very demanding initial specifications make it very difficult for the
GA to generate satisfactory results. Therefore, a progressive approximation with successive

increments of complexity was tried.

In this section, the objective was to obtain an amplifier made with smaller L transistors
(L = 0.5 pm was used), simulated with a more sophisticated SPICE model (higher than Level
1, preferably any BSIM3.3 variant), with a GBW of at least 30 MHz, preferably higher than
40 MHz, and using power supplies with lower voltages than those used so far (eventually
as low as 1.6 V).

4.4.1 A 40dB DC amplifier

In this test, an attempt was made to synthesize an amplifier using transistors with L =
0.5pm. These transistors were simulated using a Level 3 SPICE model with its default
parameterization, except for the values of Kp and Vto, which were replaced by Kp =
500pA/V? and Vto = 0.32V for NMOS transistors, and by Kp = 5—gOpA/\/2 and Vto =
—0.35V for PMOS transistors. These values produce better (more realistic) results than
the model’s default values, especially when considering transistors with dimensions of the
order of those used in this test. However, they are not intended to be strict adaptations to

any specific foundry technology.

The embryo circuit used in this test is very similar to the one used in the previous test, as
shown in Figure 4.36. However, the value of the load resistors used in this test has been

increased tenfold, hence Ry ,,41 = Rppaq2 = 200k€2. By reducing the length of the transistors
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to L = 0.5pm, it was expected that smaller transistors would be used in general, and a lower

load driving capability was assumed.

As mentioned earlier, higher supply voltages seem to make it easier for the GA to synthesize
amplifier circuits, so in this test Vpp and Vsg were kept at 5V and —5V, as shown in
Table 4.15.

After 77 unsuccessful runs (each with a different seed), in the 78" run, at the end of phase

3, in generation 20385, the circuit of Figure 4.49 was produced. This circuit, although

Table 4.15: Circuit parameters (most relevant)

Description Value(s) Comment

Positive power supply 50V Vbp

Negative power supply —5.0V Vss

Voltage gain 100V/V 100V/V =40dB
S o M SR
Input signal for A=1.0V

AC analysis

THD @f, NA Minimize

Bandwidth 500 kHz

Max. input DC current 100nA Upper current limit for
v, input voltage source.
Upper current limit for both

Max. power supply current 4mA Vpp and Vs voltage sources.

Number of components NA Minimize

Model for MOS transistors  Level 3 Default parameters except
for v, and K,

Transistor L 0.5pm Same'L preset for all
transistors

Area used by transistors NA Minimize

Transistors W/L ratio W/L 1 to 500

Load resistors in embryo

Y 200 kO Rroad1 = Rpoad2

circuit
Resistors in evolvable circ
Capacitors in evolvable circ

Max. n of nodes
in evolvable circuit

f €[1Hz..1 MHz]

R, €[109..10MQ]

C, €[0.1pF .. 100nF]

14

vu(t) = Asin(27ft)

Excluding ground

it still has a rather useless component network consisting of Cy, C, Ry,, Rayxagna,, is an

amplifier which, when evaluated (by NGSPICE) with a load capacitor of 10 pF, has a gain of
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35dB, a GBW product of 22 MHz and a Figure of Merit (FoM) of about 130 MHz pF/mW,
where FoM is given by 4.9, in which GBW is the Gain-Bandwidth product of the amplifier

(in MHz), Cj,,4q is the test load capacitance (in pF), and Pwr is the power supplied to the

circuit (in mW).
GBW x CLoad
Pwr

FoM = (4.9)
It should be noted that in this test, unlike in previous tests, the GA did not use the auxiliary

polarization circuit consisting of the M, ~and M,, transistors of the embryo circuit.

s
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4.88V 200k
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Figure 4.49: Circuit generated at the end of phase 3.

Tuning some specifications

Now that the GA has managed to synthesize an amplifier that fulfills some of the objectives,
the circuit’s supply voltage is gradually lowered until the intended value of Voo =—-Vsg =
0.8V is (eventually) reached. This is done by resetting the GA to its initial state, setting
the new embryo circuit to the last synthesized circuit, and lowering the power supply by a
small A amount. Then let the GA evolve and, eventually, produce a better circuit. If the
circuit is better than the previous one, then repeat the process until it is needed. If not, go
back, and reduce the A and iterate. This process is repeated (adjusting the A as appropriate
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and, eventually, changing any other characteristic of the circuit if required) until either the
desired power supply voltage is achieved or too many iterations are elapsed, in which case
the last circuit achieved is considered the best. This successive approximation procedure
can be carried out with varying degrees of automation, depending on numerous factors. In
this work, the progressive decrease in supply voltage was initially tested manually and then
automated and integrated into the GA kernel. Applying this iterative process of successive

approximations to the circuit of Figure 4.49, the circuit of Figure 4.50 was produced.

Voo /N Voo /N

0.8V lzzmu

[: 40.4p
M,
21 184.4p
14 501.2 mV RL{m,(ll
C{ 200k
M, M,
33 200
VA | 1.5n
|
353 3 491.0 mV Vo
-438.6 mV
Mv,l
7
3 Load
6.5

O R 0ad
O 77777777777777777777777777 2301(/2
220.0p
/ 0
0.8V
N Vs S

Figure 4.50: A 40dB amplifier using transistors with L = 0.5pm.

The circuit produced by the GA shown in Figure 4.50 is derived from the one shown in
Figure 4.49 and was obtained after a few steps (of the successive approximations procedure)
in which not only the supply voltage was progressively reduced, but also a BSIM3.3 model
was introduced to model the transistors (with a parameterization close to a standard 130nm
technology). This circuit is also an amplifier (as its predecessor of Figure 4.49), which,
when evaluated by SPECTRE/CADENCE 6.0, using a standard 130 nm technology, has the
results depicted in Table 4.16.

This circuit meets the objectives. Therefore, from the point of view of circuit synthesis with
GAs, it is a success case. The proof of concept has been achieved: if auxiliary techniques
such as those proposed here are used, GA synthesis of analog amplifiers is feasible without
using any previously known building blocks. But this synthesis task was found to be
computationally heavy; therefore, other features often found in sizing EDA tools were
not incorporated, such as Monte Carlo analysis and layout-aware simulation [Lourengo

et al., 2016]. Monte Carlo analysis is commonly accepted as a standard method to estimate
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circuit yield, but it is also known to be highly time-consuming. Although some techniques
to reduce the computational burden have been described in the literature [Canelas et al.,
2020], their inherent addition to the overall computation times was still considered not
tractable. For similar reasons, a layout-aware simulation was not incorporated in this
work (although related accelerating techniques may eventually be useful [Domingues et al.,
2022,Hakhamaneshi et al., 2019]).

Table 4.16: Results obtained for the 40 dB amplifier of Figure 4.50.

Description Value(s) Comment
Positive power supply 0.8V Vbp
Negative power supply —0.8V Vss
Voltage gain 102.3V/V 102.3V/V = 40.2dB
Vimp[ =1mV
THD@1kHz 0.67% V, =—6mV
Vompl ~102.5mV
Bandwidth 684 kHz %{ 106 AN HL@ 3 dB
GBW 70 MHz
Input DC current ~ 0
Power supply current 2x243.6 pA Ipp = Igg = 243.6 pA

FoM
Number of components

Total transistor area

1436 MHz.pF/mW
5
66.5 pm?

Croaa =10 pF

Estimated area used by transistors.
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CHAPTER D

Conclusions and Future Work

This chapter presents the conclusions and suggestions for future research
effort that result from this work.

The main research topic of this work is to better understand whether it would not be
possible to go further with GAs in the automatic synthesis of circuits without using any
previously known building blocks, as a way of promoting novelty in topology generation.
For some years now, the synthesis of digital circuits has been almost fully automated,
but in analog circuit synthesis the topology generation stage still requires a lot of human
intervention. A significant part of the research effort devoted to topology synthesis uses
EAs, and a smaller part uses GAs, usually trying to simultaneously generate an appropriate
topology while sizing the circuit components. However, the use of GAs in circuit synthesis

has gradually stagnated since the beginning of this millennium.

In the area of (automatic) analog circuit synthesis, many research works, either using EAs
or other paradigms, use some kind of knowledge-based synthesis, typically in the form of
building blocks. However, this knowledge-based synthesis tends to limit the novelty of
the generated topologies. Additionally, a significant number of works dedicate effort to
generating passive circuits (the synthesis of filters is very common in the literature), but
the generation of active circuits, such as amplifiers, is much less often attempted.

It was not clear (to the author) why better results have not been obtained with GAs in the

synthesis of analog active circuits without the use of building blocks, namely for amplifiers,
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so this work followed the work of many others trying to contribute to answer this question,
which is closely intertwined with the main research question of this work (and its derived

questions) presented in Section 1.2.

5.1 Answering the main research question and its derived ques-

tions

The main research question adopted in this work was:

Is it possible to generate new circuit topologies for CMOS amplifiers, at flat
circuit-level, in an automatic way (software generated), with optimized specifi-

cations and high efficiency at submicron technologies?
And the proposed hypothesis to address this problem and to guide the research effort was:

It is possible to develop a methodology and a software tool based in GAs to,
automatically, generate novel flat circuit-level topologies for CMOS amplifiers

with high efficiency at submicron technologies.

It can be considered that the research question has been partially answered over the course
of this work, in the sense that the results obtained, particularly for amplifiers, make it
reasonable to say that it is indeed possible to automatically generate new circuit topologies,
namely for CMOS amplifiers, at flat circuit-level, using GAs. However, regarding the level
of optimization over the specifications, a more cautious answer is in order, since there was
no exhaustive testing about the simultaneous optimization of several characteristics of the
amplifiers. In fact, it can be considered that the only specification that was optimized was
the area used by the transistors in the circuit (which the GA tried to minimize). Although it
is possible to foresee how other specifications might be considered in the GA, it is not easy
to predict how they would affect its performance, let alone the quality (usefulness) of the
generated circuits. And in terms of the level of efficiency achieved, once again, a cautious
response is required, since it depends on what is meant by “efficiency”. If it is understood
to mean making the most of the area used by components, particularly transistors, then
it can be assumed that it should be possible to achieve good efficiencies, depending on
the weight given to them in the fitness assessment. However, if it is a question of making
the most of other characteristics, with the aim of optimizing all of them at the same time,
then there is again the question of whether this is actually possible and how the overall
performance of the GA will be affected.

The research question (and the proposed hypothesis) raised several other questions, most
of which were addressed in the course of this work. These derived questions, already

presented in Section 1.2, are reviewed in the following paragraphs.

Three of these derived questions have answers that are closely related, so they will be
discussed together.
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* To what extent does the GA-c is suited to circuit synthesis?

* What circuit codification is best suited for analog circuit synthesis, namely for ampli-
fier topology synthesis?

* How can VLCs contribute to the GA’s ability to encode circuits, and to what extent

does it affect the quality of the topologies produced?

As part of this study there was the intention to understand the main constraints of GA-c
for this task and to investigate possible enhancements that make these algorithms more

suitable for circuit synthesis.

Using GA-c and a simple encoding scheme for circuit representation based on bit strings,
the algorithm was indeed able to generate several simple digital circuits, such as 2-bit
NAND and NOR gates. In these tests, only transistors were available for circuit synthesis,
and they were all pre-sized (their W and L dimensions were constant throughout the
evolution). This eliminates one task of the synthesis, the sizing task, leaving the GA

“concerned” only with the topology generation task.

Even so, scalability for more complex circuits proved to be an impractical task, and despite
the research effort expended, which amounted to several thousand hours of CPU time
and the equivalent in human effort, the GA was never able to generate circuits of higher
complexity, such as an XOR gate or a 2-bit half-adder.

The research effort then focused on the use of VLCs, which required the use of a new
circuit coding technique. This shift in the research effort implied several changes and

enhancements to the original algorithm, namely in the crossing and mutation operations.

Using VLCs, the GA was able to synthesize circuits that it had not been able to synthesize
before. In the digital circuits field, it was able to synthesize the 2-bit XOR gate and the 2-bit
half-adder. And in the analog field, in which all attempts to synthesize analog amplifiers
had been a complete failure, since even the synthesis of amplifiers with gain 6 dB had been
unsuccessful, the GA was finally able to synthesize circuits implementing DC amplifiers
with gains up to 40 dB. In fact, the best circuit synthesized by the GA is an amplifier with a
voltage gain of 102.3V/V = 40.2dB, a GBW of 70 MHz, with a FoM of 1436 MHz.pF/mW
(measured in SPECTRE/CADENCE 6.0).

From the knowledge gained along the course of this work about the behavior and perfor-
mance of the GA when using FLCs and VLCs, it seems reasonable to say that VLCs are
much better suited for circuit synthesis than FLCs, particularly for circuits beyond a certain

complexity, which automatically excludes GA-c as a good option for this task.

Another finding that distinguishes the behavior of the GA when using VLCs is that it shows
low sensitivity to the number of components in the embryo circuit, which is quite different

from when using FLCs. This is an important robustness factor for the GA.

Other questions derived from the main research question (also presented in Section 1.2)
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were the following:

* How multi-objective algorithms can contribute to better accomplishment of amplifier

specifications?

* How parallelization, and what kind of parallelization, can contribute to the outcome

of a GA when applied to circuit synthesis.

The use of Multi-Objective Evolutionary Algorithms (MOEAs), such as NSGA-II proposed
in [Deb et al., 2002], was not addressed in this work, so the first question cannot really
be answered based on the results of this work. Typically, in multi-objective optimization
problems, there are multiple conflicting objectives that have a set of Pareto optimal solu-
tions. In these problems, improving one objective can lead to the degradation of another, so
there is no single solution that can optimize all objectives simultaneously. Instead, the best
trade-off solutions, called Pareto optimal solutions, are selected by a decision maker (often
a human or some kind of human-guided process). The use of such algorithms is probably

the natural progression for future work in this research.

Unlike the MOEAs question, the parallelization question was addressed in this work, since
parallelization was actually used and even more than one model was tested. GAs are highly
parallelizable, and it is essential to take full advantage of this feature in order to reduce the
overall execution time, which is very high when GAs are used for circuit synthesis. The
fitness evaluation stage of each circuit is particularly computationally intensive, and it is at

this stage that parallelization should be focused.

Currently, there are several parallelization models whose implementation depends not
only on the computing platforms but also on the problem to be solved. In this work,
the parallelization was done at the thread level, i.e., the implementation of the genetic
algorithm was done through multi-threaded programming, using the thread pool variant
of the boss-worker model. The desired effect was to run the simulation (in NGSPICE)
of a circuit on every core available on the machine and to keep all cores busy until all

chromosomes in the population have not been evaluated.

Of course, other parallelization models can be used, properly adapted to the computational
platform under consideration, as long as the focus is on the fitness evaluation stage.

Embedded in the challenge of circuit synthesis with a GA is, inevitably, the pragmatic
and ever-present problem of the computational power effectively available for a given
research work, which inexorably limits the results obtained through GAs. And certainly
a major drawback faced during this work was the lack of more powerful computational
resources. But this is ultimately a neutral (perhaps even an empty) argument since it must
be an omnipresent argument in many research works. Nevertheless, the idea persists that
more and better answers would have been possible if more computing resources had been
available. And ideally, with significantly more computing resources available, it might

have been possible to answer the question of what really limits GAs in circuit synthesis:
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whether it is a limitation inherent in the algorithm itself, or whether it is simply insufficient

computing power.

5.2 Enhancement techniques

In the course of this work, some techniques for improving the GA were developed, which
were important for obtaining the results presented in this thesis. Some of these techniques
may be more relevant than others, and some are surely easier to implement than others,
but all have certainly contributed to obtaining these results. These techniques are briefly

summarized below.

Avoiding floating nodes
It is very common to have components with floating nodes in circuits generated by the GA.
These circuits are usually rejected by SPICE-like simulators because the analysis methods

used by SPICE require that every node in a circuit has a DC path to ground.

One technique commonly used to deal with this problem is to connect each of these nodes
to a predefined node (often to ground) with a high-value auxiliary resistor (often with a
1 GQ resistor). This technique has been implemented in this work, and these auxiliary
resistors are in fact very often found in intermediate circuits during the evolution of the

GA, although they rarely find their way into the final circuit.

Another related problem, often found in digital circuits generated by the GA, is the presence
of MOS transistors whose gates are virtually floating in some circuit states. This happens,
for example, when the gate of a particular transistor is connected only to the drains of other
transistors, and there are circuit states in which these transistors are all “off”, leaving that
gate connected only to very high impedances, leaving it in an unstable logic state, highly

susceptible to interference from unwanted effects such as noise and leakage currents.

In order to reduce the occurrence of this type of virtually floating node, particularly in
the case of MOS transistor gates, the previous technique was adapted to these cases by
connecting these nodes via high-value resistors to pseudo-noise voltage sources, which
reveals the instability of the state of that transistor. This proved to be a very effective

procedure.

Adaptive probability of chromosome acceptance

Yet another enhancement technique is a heuristic used to implement an adaptive acceptance
probability of mutated chromosomes according to a measure of the quality of the solutions
obtained along the evolution. This technique improves the local exploration capabilities of

the GA and reduces its sensitivity to the parameterisation of the mutation probability.

Segmented evolution

In addition to the techniques already mentioned, a procedure for segmenting the evolution
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of the GA was developed, using several phases with different parameterizations, which

proved to be a very valuable technique for steering of the GA towards subgoals.

“Circuit cleaning” technique

Another enhancement is a “circuit cleaning” technique that eliminates redundant and
useless components in the circuit. In this technique, the weight of a penalty function
is dynamically adapted to steer the algorithm towards the sub-goal of minimizing the
number of components. This weight is dynamically adapted so that in the early stages of
the circuit evolution it is low enough to allow a great exploration capability of the GA, but
high enough in later stages so that useless components are effectively removed from the
circuit. The contribution to the results obtained in this work from the combined use of
this technique and the previous one (“Segmented evolution”) is perhaps one of the most

important of all.

VLCs and enhancement techniques together

The use of VLCs in conjunction with all of the techniques mentioned above has allowed
the synthesis of more complex digital and analog circuits, providing the desired scalability
of the entire synthesis process achieved by the GA, which was lacking in the early stages
of this work. This is an important result of this work, possibly the most important: VLCs,
used in conjunction with the aforementioned techniques, were crucial to the GA’s success

in generating the most relevant (least basic) circuits presented in this work.

5.3 Other considerations

Many considerations naturally arise in a work of this kind. Some of them, as well as some

suggestions, are presented in the following paragraphs.

Restrictions in simulation model level

In many runs of the GA where synthesis from scratch was intended, a SPICE LEVEL 1
MOSFET simulation model was used for MOS transistors because the time penalty for
using a higher level, such as BSIM3, was unaffordable given the available computer power

for this research study.

However, some of the final circuits synthesized in the context of this work were generated
while using a BSIM3 model in the simulations performed by the GA (namely the amplifier
shown in Figure 4.50), but in reality this model was not used from the beginning of the
evolution: at the beginning of the evolution a level 1 model was used and then in the final
part a BSIM3 model was used, but only after a “partially working” circuit had already been
obtained with the level 1 model. This process allowed the generation of circuits that work
correctly in simulation when tested with standard models of 130nm technologies (using
SPECTRE/CADENCE 6.0); these circuits were generated by the GA with much less CPU

time (compared to generating from scratch using BSIM3).
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An alternative to this process might be to use a faster model by default (probably the level
1 model) and occasionally, with some probability, use a higher level model, such as the
BSIM3 model, as a second test for a circuit, and if the (relevant) behavior is quite different
between the two simulations (faster but lower level model versus slower but higher level
model), then that chromosome (circuit) would be scored with low fitness. The balance
between the probability of using the higher level model and the total execution time should
then be adjusted to meet the constraints of the ongoing research study (taking into account

time constraints versus available computing power).

Flat circuit-level only?

The main research question of this work embeds the restriction of not using simple topolo-
gies in the synthesis process, i.e., unlike other works, it was not considered that well-
established simple topologies could participate as building blocks (or as super-components,
as they are sometimes called). For example, in addition to transistors and resistors, other
topologies could be used as if they were a component, like current mirrors, differential
pairs, and others. If on the one hand this feature may reduce the drive for new topologies
generation, on the other hand it may increase the success rate of synthesis of circuits
that fulfill the intended objective. In some contexts, having the option of balancing these

options can be beneficial.

Number of nodes in the circuit

In all tests, the number of nodes allowed in the evolvable circuit was fixed and predeter-
mined by the user. This was done heuristically, and it remains unclear how restrictive this
setting is for the global behavior of the GA in the synthesis of a particular topology. This is
a topic that requires further work to know how this affects the results, in particular how
it affects the convergence speed of the GA. In future tests, an adaptive number of nodes

should be tried i.e., this number could start relatively low and increase only as needed.

Parameter dependency

Although some automatic adaptive parameter techniques have been developed in this
work, there are still numerous parameters of the GA that require manual settings, and
these settings can affect the overall performance and outcome of the algorithm. This is an
important issue because excessive sensitivity to some parameters has a negative impact
on the robustness of the GA. It is also true that knowledge about parameter tuning comes
from experience, and this experience may take a long time (and a lot of CPU time) to reveal

itself. Nevertheless, this is undoubtedly a topic that needs further work.

5.4 Final comments

Circuit synthesis by means of GAs, especially at flat circuit-level, is a computationally
expensive task, arguably too expensive for today’s standard computing power, but GAs are

capable of synthesizing useful analog circuits, and when used in the absence of building
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blocks they have an intrinsic capability of novelty in topology generation, which is a good
motivation to devote research efforts to study their contributions to the ADA field. This
work is a contribution to this field, in particular to the research efforts made in this area with
GAs, and by no means intends to present a finished solution for the automatic generation
of analog circuits. There is still a lot of work to be done, and it seems that it will be a long
time before we have a tool that completely automates the automatic generation of analog

circuits.
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APPENDIX A

Appendix: Crossover and mutation probability tests

This appendix contains data in graphic form produced by tests performed with the intention
of tunning some parameters of the GA, namely the probabilities of crossing and mutation.
These tests use a third degree polynomial for which the genetic algorithm is requested to
find the coefficients (as described in Section 3.2.2.1). To help understanding how those
probabilities affect the convergence of the GA in this problem, these tests systematically

scan some chosen ranges of those probabilities.

Two sets of tests were conducted: in the first set the mutation probability is constant during
evolution of the GA and in the second set the mutation varies from an initial higher value
to a smaller value in the end of the GA run. The graphs generated by the data produced by
those tests are presented in the following sections.

Each graph contains the following traces:

The best chromosome fitness.

The fitness average in the population.

The number of chromosomes that needed fitness evaluation.

* A moving average of the number of chromosomes that needed fitness evaluation.

The average of the number of chromosomes that needed fitness evaluation calculated

for the entire run.

These graphs are presented in groups of three because each pair of crossover and mutation
probability values was run three times, each with a different random initialization of

the first generation of the GA. The pairs of crossover and mutation probability values
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cover all combinations of the sets of values scanned. These sets of values (eq. A.2 and
eq. A.1) were chosen because they were considered “useful” or “interesting” values based

on experimental knowledge attained so far.
Peross €10.3,0.4,0.5,0.6,0.7,0.8,0.9} (A.1)

Pyt €10.01,0.02,0.04,0.08,0.16,0.32) (A.2)

A.1 Constant mutation probability test set

The set of tests in which the mutation probability is constant during evolution of the GA
produced the graphs shown in sections A.1.1 to A.1.7, which results from sequentially scan-
ning the values in eq. A.1. Each section contains the graphs for all mutation probabilities

in eq. A.2.
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Figure A.1: Constant mutation probability 0.01
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A.1.2 Crossover probability 0.4
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Figure A.11: Constant mutation probability 0.16
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A.1.3 Crossover probability 0.5

Fitness & n chrom updated Fitness & n chrom updated
0.8 500 0.9 500
0.8
07 450 450
06 best chrom —+— 0.7 best chrom ——
pop —— 400 pop ——— 400
updated chroms —s— 0.6 updated chroms —s=—
05 upd chroms mov ave —&— upd chroms mov ave —a—
o upd chroms average ——— 350 g o 05 upd chroms average ——— 350 g
2 0.4 fconst mutat prob B 2 Const mutat prob £
T seed = 0; cross prob = 0.5; mutat prob = 0.01 300 2 it 04 fsesd=1;crossprob = 0.5; mutat prob = 0.01 200 ©
= c
03
1 250
0.2
01 200
o] 150
0 500 1000 1500 2000 o] 500 1000 1500 2000
iter iter
Fitness & n chrom updated
0.9 500
0.8
450
0.7 best chrom —+—
pop —— 400
06 updated chroms —s—
upd chroms mov ave —&—
w05 upd chroms average ——— 3/0 2
2 Const mutat prob £
if 0.4 Wseed = 2;cross prob = 0.5; mutat prob = 0.01 300 ©°
c
a 150
0 500 1000 1500 2000
iter
Figure A.13: Constant mutation probability 0.01
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Figure A.14: Constant mutation probability 0.02
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Figure A.15: Constant mutation probability 0.04
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Fitness & n chrom updated Fitness & n chrom updated
500
best chrom
pop pop
updated chroms updated chroms
upd chroms mov ave upd chroms mov ave
o upd chroms average 2 a upd chroms average 2
d onst mutat prob 2 z onst mutat prob g
T seed = 0; cross prob = 0.5; mutat prob = 0.32 o T eed = 1; cross prob = 0.5; mutat prob = 0.32 o
= c

250

0 500 1000 1500 2000

iter

Fitness & n chrom updated

500 1000 1500
iter

i
[

Fitness

best chrom

pop

updated chroms
upd chroms mov ave
upd chroms average

n chroms

0 500

1000 1500
iter

2000

Figure A.18: Constant mutation probability 0.32
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A.1.4 Crossover probability 0.6
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Figure A.23: Constant mutation probability 0.16
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Figure A.27: Constant mutation probability 0.04
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Figure A.28: Constant mutation probability 0.08
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Figure A.29: Constant mutation probability 0.16
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Figure A.30: Constant mutation probability 0.32
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Figure A.31: Constant mutation probability 0.01
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Figure A.32: Constant mutation probability 0.02

154




Fitness & n chrom updated

Fitness & n chrom updated

0.7 480
0.6 460
best chrom —— 240 best chrom
05 pop —s— pop
updated chroms —#— updated chroms
420 upd chroms mov ave &
= 400 = = =
= S = S
T 03 = w =
380
02
360
01
I Const mutat prob 240
b seed = 0; cross prob = 0.8; mutat prob = 0.04
0= 320
0 500 1000 1500 2000 o] 500 1000 1500 2000
iter iter
Fitness & n chrom updated
1 s 480
0o 460
08
best chrom 440
0.7 pop
! updated chroms
06 s
w
g §
2 05 400 2
= S
c
04 380
03
360
0.2
0.1 [ Const mutat prob 340
i d = 2; cross prob = 0.8; mutat prob = 0.04
0 * 320
0 500 1000 1500 2000
iter
Figure A.33: Constant mutation probability 0.04
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Figure A.34: Constant mutation probability 0.08
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Figure A.35: Constant mutation probability 0.16
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Figure A.36: Constant mutation probability 0.32

156




A.1.7 Crossover probability 0.9
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Figure A.37: Constant mutation probability 0.01
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Figure A.38: Constant mutation probability 0.02
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Figure A.39: Constant mutation probability 0.04
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Figure A.41: Constant mutation probability 0.16
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A.2 Variable mutation probability test set

The set of tests in which the mutation probability is linearly decreased during evolution
of the GA produced the graphs shown in sections A.2.1 to A.2.7, which results from
sequentially scanning the values in eq. A.1. Each section contains the graphs for all
mutation probabilities in eq. A.2 but these values are now used as initial values for the
mutation probability, which decreases linearly towards zero across the evolution of the GA.
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Figure A.46: Init mutation probability 0.08
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Figure A.47: Init mutation probability 0.16
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A.2.2 Crossover probability 0.4
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Figure A.49: Init mutation probability 0.01
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Figure A.51: Init mutation probability 0.04
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Figure A.52: Init mutation probability 0.08
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Figure A.53: Init mutation probability 0.16
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Figure A.55: Init mutation probability 0.01
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Figure A.57: Init mutation probability 0.04
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Figure A.58: Init mutation probability 0.08
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Figure A.59: Init mutation probability 0.16
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A.2.5 Crossover probability 0.7
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A.2.6 Crossover probability 0.8
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A.2.7 Crossover probability 0.9
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