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ABSTRACT

The increasing demand for consumer electronic products pushes vendors into the mas-
sive production of integrated circuits. This aggressive demand for electronic products
has necessitated the rapid launch of these products into the market. Electronic design
automation approaches become inevitable under these circumstances. While the au-
tomation of analog/RF integrated circuits has been studied extensively over the years,
the design optimization problem for industrial-standard circuits has not been fully re-
solved. With elevated technology and the speed of the modern world, our conventional
ways to automate the design process of analog/RF circuits should catch up to the new
trajectory. Considering this necessity we designers should not ignore and overlook
the paramount importance of design accuracy in analog/RF circuits. Regarding these
necessities, this thesis aims to show that ANN-powered multi/many-objective optimiza-
tion tool increases the efficiency of the synthesis process. In this thesis, a simulation-
based analog/RF integrated circuit optimizer tool has been initially conceived. To de-
termine the metaheuristic algorithm to be used in the optimization kernel, two well-
known evolution-based algorithms have been comprehensively compared with each
other. Seven different basic analog/RF building blocks have been synthesized with
the algorithm that proved its effectiveness. Upon identifying the most suitable algo-
rithm for analog/RF circuit synthesis, the tool has been modified to incorporate sub-
circuit modeling via artificial neural network modeling. Each low-level circuit has
been trained in its optimization process and has been included in the synthesis. This
modification not only expedited the optimization process but also paved the way for hi-
erarchical optimization, leveraging the circuit models created. Given that a majority of
analog/RF integrated circuits are inherently designed hierarchically to execute complex
functions, this approach addresses a longstanding challenge in analog/RF automation.
In this context, an analytical model-based hierarchical synthesis method has been also
introduced in the thesis. The multistage amplifier circuit has been synthesized in a hier-
archical structure within seconds with the help of the presented method. Additionally,
the effect of the preamplifier circuit on the performance of the voltage comparator has
been examined with a similar method.

Keywords: Electronic Design Automation, Optimization, Analog/RF Integrated
Circuits, Evolutionary Algorithm, Artificial Neural Networks, Hierarchical De-
sign



OZET

Son kullanici elektronik tiriinlerine yonelik artan talep, saticilar1 timdevreler i¢in kitle-
sel liretime yonlendirmektedir. S6z konusu bu yogun talep, iiriinlerin piyasaya hizla
sunulmasini zorunlu kilmaktadir. Tiim bu kosullar g6z 6niinde bulunduruldugunda
elektronik tasarim otomasyonu yaklagimlar1 hayati bir 6nem tasimaktadir. Analog/RF
entegre devrelerin otomasyonu yillardir yogun bir sekilde ¢alisilmis olsa da endiistri
standardi devreler i¢in tasarim optimizasyon sorunu tam olarak ¢oziilememistir. Yiikse-
len teknoloji ve modern diinyanin hiziyla birlikte, geleneksel tasarim yontemlerimizin
glinlimiiz isterlerine hizl1 bir sekilde cevap vermesi i¢in otomasyona agirlik verilmelidir.
Bu zorunlulugu diisiinerek, tasarimcilar olarak analog/RF devrelerde tasarim dogru-
lugunun iistiin nemini ihmal etmemeliyiz. Bu gereklilikler g6z dniine alindiginda, tez,
yapay sinir ag1 destekli bir optimizasyon aracinin sentez siirecini hizlandirabilecegini
gostermeyi amaglamaktadir. Tezde ilk olarak benzetim tabanli bir analog/RF tiimde-
vre otomasyon araci tasarlanmistir. Eniyileme aracinin ¢ekirdegini olusturacak meta-
sezgisel algoritmay1 belirlemek i¢in iyi bilinen iki evrim tabanli algoritma birbirleriyle
kapsaml1 bir sekilde karsilastirilmistir. Yedi farkli temel analog/RF alt devre, etkinligi
kanitlanmis algoritma tarafindan sentezlenmistir. Analog/RF devre sentezi i¢in en uy-
gun algoritmanin belirlenmesinden sonra arac, yapay sinir aglari kullanilarak alt seviye
devrelerin modellenmesini de icerecek sekilde giincellenmistir. Her bir alt seviye devre,
kendi eniyilenmesi siirecinde egitilerek senteze dahil edilmistir. Bu degisiklik, sadece
eniyileme siirecini hizlandirmakla kalmamis, ayni zamanda olusturulan devre mod-
ellerini kullanmak suretiyle hiyerarsik eniyilemenin de yolunu agmistir. Analog/RF
tiimdevrelerin ¢cogunlukla karmasik islevleri yerine getirebilmesi i¢in hiyerarsik olarak
tasarlandig1 diistiniildiigiinde, bu yaklasim analog/RF otomasyonunda uzun siiredir de-
vam eden bir sorunu ele almaktadir. Bu baglamda, tezde analitik model-tabanli bir
hiyerarsik sentezleme yontemi de tanitilmaktadir. Cok katli yiikselteg¢ devresi sunulan
yontemle saniyeler igerisinde hiyerarsik yapida sentezlenmistir. Ayrica, dn-yiikselte¢
devresinin gerilim karsilastiricinin performansi tizerindeki etkisi yine benzer bir yon-
tem ile incelenmistir.

Anahtar Kelimeler: Elektronik Tasarim Otomasyonu, Eniyileme, Analog/RF Tiimde-
vreler, Evrimsel Algoritma, Yapay Sinir Aglari, Hiyerarsik Tasarim
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1. INTRODUCTION

The utilization of electronic design automation (EDA) tools for integrated circuit (IC)
synthesis has gained more popularity over the years. Before the development of these
tools, the circuit had been designed and laid out manually by a designer. Firstly de-
sign process was automated, and following it, layout considerations were handled by
computers at the end of the 1970s. Enhancing computer-aided design (CAD) with re-
sourceful programming languages can be considered a milestone for EDA approaches
for VLSI systems in the early 80s. The design time is saved as a result of the increasing
accessibility of EDA tools; on the other hand, the complexity of ICs has increased ex-
ponentially due to the need for circuits with more functionality. Over the years, CAD
tools have played more crucial role from the design phase to manufacturing. As a re-
sult of aggressive demand for consumer electronics, especially in the last years, the
chip manufacturing industry has tended to increase production volume. Combining
of currently growing production volume and hard challenging requirements for nowa-
days ICs, design automation is an inevitable solution to minimize human effort and

time consumption.

Design automation is a concept that solves electrical/physical-level circuit design prob-
lems through highly intelligent algorithms without the need for human effort. Although
the automation of digital circuits has been well-established, analog/RF circuits have not
been fully automated due to their highly non-linear nature. For instance, during the dig-
ital circuit synthesis, the speed is maximized, while chip area and power are minimized.
In contrast, analog integrated circuits have tough design requirements involving tremen-
dous trade-offs. In this context, analog/RF IC automation process is still developing

and it contains a lot of gray areas that must be enlightened.

Design automation of analog circuits has been in progress for a few decades. The
first developed automation tools needed human expertise to synthesize proper analog
circuits. As the analog/RF circuits are highly non-linear, designer dependency was ac-
ceptable for these tools. Over the years, with the increasing of computational capability

of computers and pushing the limits of intelligence algorithms, new horizons have been

1



seen for analog/RF circuit synthesis. Human dependency was reduced and efficiency
was increased, and this progress has encouraged researchers to solve automation prob-
lems of more complex analog/RF circuits. As a result, a new chapter has begun with
employing metaheuristic algorithms in analog/RF design automation. Metaheuristic
algorithms have become broadly used in the circuit synthesis process due to their ef-
ficiency, reliability, and robustness over the years. Many synthesis tools that utilize
meta-heuristic algorithms have been developed to overcome analog/RF design prob-
lems, from schematic sizing to reliability issues for manufacturing. These algorithms
have taken a place in solving of quietly different analog/RF circuit design problems as

shown in Figure 1.1.

META-HEURISTIC ALGORITHMS EMPLOYED IN
ANALOG/RF CIRCUIT DESIGN PROBLEMS

Schematic Level Design ~ Layout Level Design Reliability Topology Synthesis
- Transistor Sizing - Floor Planning - Process Variations -Topology Creating
- Layout Aware Sizing - Placement -Aging
- Biasing Adjustments - Routing - Yield Optimization
- Passive Component - Sensitivity Analysis
Shaping/Sizing - Tuning & Calibration

Figure 1.1: Metaheuristic algorithms in analog/RF circuit automation problems.

After providing problem-solving ability of meta-heuristic algorithms in analog/RF cir-
cuit optimization, the researchers have sought new considerations about circuit synthe-
sis. Analog/RF circuit synthesis tools have suffered from two different troubles which
are not considered at the time: Accuracy and synthesis time. Basically, these intelligent
algorithms start with randomly generated population, and they generate new solutions
using the information of the previous solution set. For evaluation, it needs a perfor-
mance evaluator to measure the circuit performance for specific design parameters.
Conventionally, the synthesis has been carried out by equation-based or simulation-
based approaches. While time is saved by utilizing a set of equations to estimate the
performance of the circuit, the accuracy of the synthesis results is still arguable. Also,

analytical equations are not adequate to mimic more complex circuit behavior. There-



fore, most analog/RF automation tools have utilized circuit simulators to evaluate cir-
cuit performance. In summary, the accuracy problem is preferred for the sake of effi-
ciency. However, the synthesis time of complex circuits including several sub-circuits
in the hierarchy, has exceeded beyond the practical limits. In this context, a question
arises: Is it possible to reduce the synthesis time without sacrificing accuracy? Thanks
to nowadays’ powerful computers and advances in machine learning, a door has been
opened to answer this question. Since different machine learning techniques have been
successfully applied to solve many different engineering or real-world problems, re-
searchers have found the strength to try these techniques on analog/RF circuit design
problems. Machine learning techniques such as support vector machines (SVM), arti-
ficial neural network (ANN), polynomial regression, deep learning (DL), multi-layer
perceptron (MLP), and reinforcement learning (RL) have been successfully utilized in
analog/RF circuit synthesis to fulfill design, layout, and test considerations. However,
in the literature, machine learning algorithms have been only applied to solve the de-
sign problem of a few basic analog/RF sub-circuits such as amplifier, current conveyor,
or voltage comparator. It seems that the ML techniques in analog/RF circuit synthesis
need to be optimized; thus, ML techniques-based synthesis would become a popular

research topic in this field.

This thesis provides an analog design automation tool that has been strengthened with
ANN assistance. Highly accurate models of sub-block circuits have been generated
during the synthesis process and these models have been employed in hierarchical de-
sign. Therefore, hierarchical synthesis would be performed efficiently and the creation
of the ANN model for a whole system would be possible within a short time. The thesis
is organized as follows. In Section 2, a detailed literature review on analog/RF circuit
automation is provided. In Section 3, a background is introduced for analog/RF cir-
cuit design automation. In Section 4, EA algorithms’ performances are discussed. In
Section 5, ANN-based model generation and circuit optimization are provided. In Sec-
tion 6, hierarchical design synthesis approaches for analog/RF systems are introduced.

Finally, Section 7 concludes this thesis by providing general remarks and future work.



2. PREVIOUS WORK

The idea of automation of analog/RF integrated circuits dates back to the few decades.
The first developed tools mostly relied on human expertise, which are more suitable
for basic sub-blocks. In [1], an equation-based optimization tool have been introduced
for operational amplifier synthesis. Amplifier topology have been divided into sev-
eral parts: The current mirror, the input pair, and the load. Another equation-based
tool have been introduced in [2] that creates the circuit topology. The predicted per-
formance of synthesized topology has been fixed, if necessary, with the aid of current
correction method, and synthesized circuit verified with electrical simulation. A de-
sign tool called IDAC, introduced in [3] has the ability of the layout file generation.
The authors have claimed that IDAC could be considered as an assistant for an analog
designer. OPASYN [4] provides topology selection for amplifiers. A proper topology
has been selected from the topology library presented in tool. The circuit performances
have been evaluated by analytical equations, therefore the high need of designer knowl-
edge has aroused as increasing circuit complexity. Another CMOS-OPAMP compiler
GPCAD [5] uses genetic programming for six CMOS OPAMP circuit design. Since
the tool is equation based, the proper topology has been selected within just a few sec-
onds for a given design specifications. The tool can also work properly with different

technology parameters.

With the first improvements in the analog circuit automation, researchers have focused
on the way of finding the optimal solutions. The main consideration was the location of
the obtained solutions in the whole possible design space for a given parameter bound-
aries. As a solution, OPTIMAN in [6] has used simulated annealing (SA)[7] to get rid
of local optimum at the expense of computation time. To reduce the total optimization
time, the tool have leveraged a symbolic simulator. An OPAMP synthesis tool, named
DARWIN [8], is used genetic algorithm as optimization kernel. Both topology selec-
tion and circuit sizing have been concurrently carried out with genetic algorithm. The
performance of the circuit, where the topology is selected from 24 available OPAMP

topologies stored in the tool, has been evaluated by the small-signal equivalent circuits



and analytical expressions. The initial solutions have lightly constrained, and as gen-
erations progressed, the design constraints to achieve global optimal solutions become
more difficult. The optimization process have completed when the maximum genera-
tion count was reached. Also, the tool explained in [9], a folded cascode OTA and an
analog filter have been optimized with the genetic algorithm, where analytical expres-

sions were utilized as performance estimator.

There is compelling a trade-off for the analog/RF design automation process: accuracy
and efficiency. The first simulator-based optimization tool DELIGHT.SPICE [10] has
improved optimization efficiency. On the other hand in, FASY [11], proper topology
for the determined design specifications has been selected with fuzzy-logic method
[12]. Decision rules used in the topology selection have been introduced by an ex-
pert designer or automatically generated via learning process with back-propagation
method. The circuits have synthesized via two consecutive optimizers. The first one
searching for global optimum is simulated annealing-based optimization where equa-
tions considered as the circuit evaluator. While time saving was provided by the first
optimizer, the second one is simulation-based to ensure the accuracy. ANACONDA
[13] utilized stochastic pattern search where commercial simulators was run in parallel
for the time efficiency. Also, process variations were taken into account with a few light
constraints. In [14], the combination of evolutionary algorithm and simulated anneal-
ing has been introduced as the optimization engine. SA has been utilized for avoiding
of the local optimum solution. On the other hand, evolution strategies (ES) [15] have
searched for the feasible solutions. The circuit performances have been evaluated by a
fast DC simulator and user-defined equations/neural fuzzy performance models for DC
parameters and AC parameters, respectively. Automation process has been validated
with silicon measurements for two amplifiers and a current conveyor circuit. Again,
for robust global search in the solution space, a genetic/annealing algorithm have pre-
sented in [16]. Parallel simulations have been conducted on different workstations and
simulator details have been hidden by a software layer for the time efficiency. Three

different OPAMP circuits have been sized by the tool.

Increasing computing capacity of computers has led researchers to develop fully sim-

ulation - based optimizers. In GENOM [17], a multi-objective and multi-constrained



analog optimization problem solver with genetic algorithm has been presented for a
folded-cascode amplifier. To avoid the local optima, the mutation rate has been in-
creased if there is no remarkable progressing in consecutive generations. Another
SPICE-based optimizer [18] presents an optimum amplifier topology from topology
library included by the user as well as circuit sizing. To avoid premature convergence
age level population structure (ALPS) [19] has injected to the optimization kernel where
Non-Dominated Sorting Genetic Algorithm - II (NSGA-II) [20] is the search algorithm.
The whole design space is explored by the search algorithm has been provided both
multi and many-objective optimization problem for CMOS OPAMPs. In [21], four dif-
ferent OPAMP circuit have been automated via an evolution-based methodology. To
achieve the optimal single-objective solution with satisfying desired design constraints,
a memetic single-objective evolutionary algorithm (MSOEA) has been utilized as the

searching algorithm.

It was seen that automation of analog ICs have become more efficient with the SPICE
integration and use of analytical equations. Nevertheless, the first attempts are mostly
on amplifier optimization or circuits having less complexity. In these cases, researchers
have focused on effective and reliable optimization methods to synthesize complex ana-
log/RF circuits. It is worth note that, as always all studies have focused on to find the
best point with establishing a balance between the accuracy and the efficiency. In
[22], a multi-objective optimization tool has been proposed for performance space ex-
ploration through obtained pareto optimal front (PoF). The simulated annealing-based
multi-objective optimization algorithm has been employed to find optimal solution set.
An active filter and two amplifiers have been synthesized where layout-aware circuit
matrix modeling is performance estimator. Another multi-objective simulation-based
optimization tool GENOM-POF [23] sizes two amplifier circuits considering process
variations. Since the circuit netlist is provided to the optimizer by the user, the synthe-
sis tool is independent of the circuit or the topology. On the other hand, the authors
have pointed out that NSGA-II is quite good at creating PoF compared to other multi-
objective evolutionary algorithms. Swarm intelligence (SI) algorithms are also used in
analog/RF circuit optimization problems. Equation-based optimization was provided

in [24] where particle swarm optimization [25] was introduced as an optimization en-



gine to solve mono and multi-objective sizing problems. An RF circuit and an analog
circuit have been chosen as the case studies. Another tool leveraged by particle swarm
optimization technique given in [26] sizes a differential amplifier and two-stage ampli-
fier through a single-objective optimization approach. The solutions obtained from the
synthesis process have been validated by SPICE simulations. In [27], ant colony opti-
mization [28] which mimics foraging patterns of some ant species is an optimization
kernel. The optimization process evolves according to the simulation results generated
in each iteration. To validate the reliability of ant colony optimization, the authors
also have compared it with the genetic algorithm. An analog voltage buffer, a CMOS
Miller OTA, and a two-stage OPAMP have been synthesized. As the circuit complexity
increased, design constraints were also stringent. In addition, sub-blocks of an analog-
to-digital converter have been optimized and ADC has been constructed by combining
these synthesized blocks. In [29], the new algorithm called CODE is presented for ana-
log IC synthesis. The proposed algorithm has been compared with two other evolution-
ary algorithms via synthesis results of three different amplifiers. The circuits whose
topology has been determined by the tool also have been automatically sized. The
algorithm has been implemented in MATLAB, and the circuit behavior has been esti-
mated via HSPICE. The simulation-based optimizer presented in [30] leverages simu-
lated annealing and particle swarm optimization combination to avoid local optima and
forming the PoF, respectively. Also, many-objective optimization has been performed
to obtain a parato surface for Miller amplifier. In [31], g,,/ I, technique with designer
knowledge helps to speed up the optimization process without sacrificing accuracy. All
synthesized circuits were validated by SPICE simulations. If a significant error occurs,
device parameters update themselves according to the simulation result. Folded cas-
code OTA and two-stage OTA circuits have been sized when supply voltage was 0.6V,
1.2V, and 1.8V to ensure operating in weak, moderate, and strong inversion regions,
respectively. The equation-based analog/RF circuit automation method proposed in
[32] includes quantitatively PoF quality comparison obtained via different swarm intel-
ligence algorithms and NSGA-II. Those interested can find several PoFs for the current
conveyor, CMOS OPAMP, and LNA. In [33], an LC voltage-controlled oscillator has
been synthesized with equation-based optimization where GA searches solution space.

Circuits have been sized via a single-objective optimization approach. On the other



hand, ABSYNTH [34], a multi-featured optimization tool that has an interface solves
multi-objective sizing problems for analog circuits. The optimization process has been
separated into three steps where circuit performance evaluation is carried out by a sup-
port vector regression (SVR) model, NGSPICE, and a commercial simulator OCeaN.
Particle swarm optimization or harmony search (HS) has been utilized in the parts of
the whole automation process. The time is saved utilizing the self-learning method
also avoids redundant data. Also, the authors have indicated that more efficient results
can be obtained via a combination of algorithms compared to the flat simulation-based
particle swarm optimization. According to the authors’ best knowledge, a butterfly-
inspired optimization algorithm has been proposed for analog circuit synthesis for the
first time in [35]. Equation-based optimization has been carried out for both single-
and many-objective sizing problems for analog amplifiers. In [36], the developed tool
generates a proper topology and designs the circuit. The functionality of the generated
topology has been checked via topological symbolic analysis based on g,,/1; method-
ology and curve fitting technique. If the topology passes the first checking procedure,
the devices are sized otherwise, the topology generation procedure runs again. The
efficiency of the synthesis has been enhanced through the implementation of a check-
ing procedure before sizing. [37] presents a modified NSGA-II for analog/RF circuit
automation. The algorithm that differs from the original by the inclusion of a hierarchi-
cal mutation procedure has been compared with the other NSGA-II versions both with
benchmark problems and real analog/RF IC sizing problems. While the modified algo-
rithm performs head-to-head at benchmark problems, on the other hand, it outperforms
other NSGA-II versions in terms of design space exploration for circuit sizing prob-
lems. Similar to the previous one, in [38] the better quality PoFs have been obtained

with some improvements on the main algorithm.

Development of robust and accurate design automation tools has encouraged researchers
to find new solutions to efficiently synthesize more complex analog/RF circuits and
systems. In [39], pareto optimal surface via many-objective optimization is created for
inductor, where electromagnetic (EM) simulation is utilized as a performance estimator.
In the sizing phase of the LNA circuit, the inductors are selected from the solution pool

in the obtained pareto surface. Thus, quite accurate synthesis can be achieved without



excessive optimization time beyond practical limits. Single- and many-objective syn-
thesis examples have been introduced. Parasitic-aware sizing methodology is presented
in [40]. While floorplan constraints, performance constraints, and layout parasitics are
considered in the genetic programming (GP) at the sizing phase, synthesis accuracy is
increased with the evolutionary algorithm (EA) which is communicated to electrical
simulation. The equation-based optimization technique with GP not only increased the
efficiency of the optimization but also facilitated the resolution of the problem in the
EA-based second phase. The presented sizing methodology was validated via post-
silicon measurements for the two-stage amplifier, voltage comparator, and LNA. Ob-
tained design through parasitic-aware optimization was more immune to the parasitic
mismatch which can drastically cause performance degradation. Another method that
considers speeding up the optimization process and increasing efficiency can be found
in [41]. The author has claimed that determining the operation region for a transis-
tor with simple analytic region conditions is not adequate for real devices. Therefore,
the inversion coefficient has been used to determine the actual operation region. For
each case study (amplifier, LNA, and oscillator synthesis) the most efficient inversion
coefficient intervals were determined and defined as a constraint in the optimization
problem. Both fast convergence and better cost function have been achieved by dint
of this method. In [42], different cross-coupled CMOS LC oscillator topologies are
compared utilizing obtained PoF through multi-objective optimization. A simulation-
based, layout-aware design automation tool for RF circuits has been developed using
strength pareto evolutionary algorithm - 2 (SPEA-2) [43]. The "2 - 7 models have
been utilized for the passive element for the sake of increasing accuracy. Synthesis
results are validated silicon data. In [44], the mutation process is manipulated via a
designer perspective instead of purely mathematical operations. Pretty complex two
analog amplifiers and an oscillator circuit have been synthesized via a genetic algo-
rithm, where the mutation process is modified. With the proposed method four-stage
amplifier circuit has been synthesized successfully, however, the genetic algorithm,

with the unmodified mutation operator, has failed to converge.

Artificial intelligence using machine learning techniques has proven its problem-solving

ability in various engineering fields and has led researchers to explore new automa-



tion methods for analog/RF circuits automation. A yield-aware circuit synthesis tool
[45] collaborates with a deep neural network (DNN) to optimize analog circuits while
considering process variation. As the time spent during simulation-based Monte Carlo
(MC) analysis is impractical for the synthesis process, deep neural network models have
been trained and utilized in an optimization loop instead of SPICE. The authors have
indicated that synthesis has accelerated by 29x, with the inclusion of DNN in the opti-
mization process for the synthesis of the single-stage amplifier, the two-stage amplifier,
and the voltage comparator. In [46], DNN models have been used to increase synthesis
process speed for local minimum search, which aims to improve global optimization
results. Different DNN models have been trained for all design specifications(gain,
bandwidth, slew rate, etc.). Four different operational amplifiers are synthesized with
strict constraints where the optimization process has sped up x2 with the help of DNN
models. In [47], a Gaussian-process based surrogate models have been utilized to ac-
celerate the optimization loop. Modeling of some device phenomenons like the short
channel effect or narrow channel effect is difficult by curve fitting techniques or analyt-
ical equations. Therefore, the authors proposed Gaussian-process regression modeling
through the characterization of the technology, which included information about both
nominal and corners. An active filter, a voltage regulator, and an oscillator were syn-
thesized via a surrogate-based tool where computational cost decreased drastically. A
local surrogate-based parallel optimization is proposed in [48]. The authors emphasize
that evolutionary algorithms based optimization is not efficient even though it is effec-
tive. With the developed method, the proposed optimization achieves better solutions
in a shorter time when compared with other parallel two metaheuristic algorithms and
a state-of-art surrogate model-based optimization. Another optimization methodology
in [49] exploits g,, /1, fitting curves and the proposed current density factor to create a
circuit model. The optimization process was conducted in two phases. Parasitic effects
were taken into account in the first phase, which is a combination of symbolic model-
ing and mixer integer non-linear programming. The second phase is the sizing phase,
where the simulation-based optimizer utilizes an evolutionary algorithm as the search-
ing algorithm. Recently, artificial neural network (ANN) [50] has been utilized for
analog/RF circuit modeling. In [51], the authors emphasized the possible lack of ana-

log/RF circuit modeling via trained neural networks and they offer a new ANN model

10



construction method which is implemented in the proposed optimization tool named
ESSAB. The developmed tool has been tested with the synthesis of highly complex
circuits, where design specifications have been stringently constrained. Recent studies
show that the Bayesian optimization method can be applicable to analog/RF circuit op-
timization. Developed tools in [52-54] prove that the Bayesian optimization method

is proper for analog circuit automation.
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3. BACKGROUND

Optimization is a term about searching for the best way to solve any defined problem.
It plays an important role in various scientific areas such as engineering, data analytics,
and computer science. Many real-world problems inherently involve many require-
ments with challenging trade-offs among them. The existing problem must be solved
by establishing a good balance among all requirements through an optimization pro-
cedure. In general, the optimization process is categorized under three sub-sections:
Single-objective optimization (SOO), multi-objective optimization (MOQO), and many-
objective optimization. While in SOO, only one function or a mathematical expression
of two or more functions is determined as an objective that is tried to be maximized or
minimized, the multi-objective optimization searches the best solutions between two
conflicting objective functions. On the other hand, three or more functions are defined
and minimized or maximized in many-objective optimization. As analog/RF circuits
have been automated via the multi-objective optimization approach in the thesis, the

multi-objective optimization is introduced in this section.

3.1. Multi-Objective Optimization

Multi-objective optimization is a concept that minimizes or maximizes two functions
by the solution X along with defined constraints that must be satisfied. The multi-
objective optimization can be represented as Equation 3.1, where X is vector decision
variables bounded by the interval between z* and z{ which introduce lower and upper
boundaries, respectively. Objective space Z for the M objective functions f,,,(X) is
formed by solutions obtained from decision variable space D which is determined by
xF and 2V, as illustrated in Figure 3.1. Many real-world problems contain equality con-
straints or inequality constraints denoted as hy (X)) and g;(.X), respectively. Solutions

that meet the defined constraints constitute feasible objective space.

On the contrary of SOO, the superiority of the solutions is determined by dominance
in an MOO problem instead of comparing function values. Let us have two solutions

x1 and x5 in feasible design space. The solution x; dominates x5 if the solution x; is

12



better than x5 in all objectives or at least one objective of x; is better than the solution

ZIo.

xz“ le:_ljﬂ
./""H_—__"“\\. .
X, £
Figure 3.1: Mapping from decision space to objective space.
Minimize/ Mazximize fm (X)), m=1,2,3,.., M,
Subject to gj(X) >00rg;(X) <0, j=123,..J; 3.1)
hi(X) =0, k=1,23,.. K; '
ol <z <ab, i=1,2,3,...,N.
~
f (X) @ Non-dominamted Solution
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== Pareto Optimal Front

>
f,(x)

(minimize)

Figure 3.2: Graphical description of pareto optimal front.
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Non-dominated solutions are not dominated by any solution in a given whole solution
set. In the entire objective space, MOO promises to create the non-dominated solution
set which is called PoF as illustrated in Figure 3.2. MOO aims to find a set of solutions

as close as possible to the PoF without sacrificing diversity.

One of the best ways to realize multi-objective optimization is using metaheuristic algo-
rithms that mimics swarm’s communications between a group of insects or evolution-
ary theory. The genetic algorithms (GA) are inspired by natural selection and sexual
production which are the essential evolving processes of organisms [55]. In the conven-
tional GA, randomly generated individuals in the first population are mated to produce
offspring via genetic operators such as mutation, cross-over, and recombination. The
evolution process continues with iterations, in which individuals fight each other to sur-
vive. In each iteration, also called generation count, the produced offspring undergo
a selection mechanism to select the best of them as the new parents. It is hoped that
the new individuals in the next generation have better specifications compared to their

parents.

3.2. Developed Tool for Multi-Objective Optimization of Ana-
log/RF Circuits

Many tools have been developed in the literature to address the automation of the ana-
log/RF circuit sizing problem. Metaheuristic algorithms are mostly preferred to solve
IC sizing problems due to their robustness, even though they have high computational
complexity. Thanks to powerful computers, the computational complexity of nature-
inspired algorithms has not been the main concern. Moreover, researchers endeavors
to reduce time with new methods that can replace the circuit simulator, which takes a

large portion of the optimization time.

The general framework of the developed automation tool is depicted in Figure 3.3. Ana-
log/RF circuits have been synthesized via multi-objective optimization tool in [56] that
have been reconstructed to perform IC optimization. Non-dominated Sorting Genetic

Algorithm-IT (NSGA-II) was selected as the optimization kernel.
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Figure 3.3: General framework of developed tool.

Before the optimization, the user determines design constraints, the boundaries of de-
cision space, and the design objectives. Additionally, the netlist and design parameters
file of the circuit must be provided beforehand. Objective normalizers, the number of
populations, and the number of generations must be defined to initiate the optimization
process. Optimization starts with the first generation where individuals are generated
randomly. Each individual undergoes a performance evaluation process carried out by
SPICE or a circuit model. In each cycle, the performance results are obtained as a result
of the evaluation process. Crossover, mutation, and selection are applied to individuals
to enter the optimization cycle and create a new generation. The circuit optimization

process ends when the maximum number of iterations is reached.
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3.3. Searching Algorithm: NSGA-II

NSGA-II is a modified approach of traditional GA, whose pseudo-code is given in Ta-
ble 3.1. The algorithm begins with creating the first population. Let us say the popula-
tion size in the first generation is N. Then, the population expands with created offspring
where mutation, recombination, and selection operations are applied in the production
phase; hence, the population size becomes 2N. All individuals in the new population
(2N) are sorted according to their own non-domination rank. All non-dominated solu-
tion sets, where the best is F; and the worst is F}, are selected according to their ranks
until the N individuals are obtained. Generally, the number of total solutions in all sets
from £ to Fj is larger than the population size. The new population is filled with the
ranked solution set until it reaches size N. If the population size exceeds with last non-
dominated solution sets, to choose exactly N population members, the solutions of the
last front F; are sorted by crowding distance operator, and the best solutions are chosen

as population members. The general procedure of NSGA-II is shown in Figure 3.4.

CD = Z fJZL—Zi ?mzln (32)

Crowding distance refers to the perimeter estimating of the formed cuboid around two
neighboring solutions. The crowding distance for the objective in a pareto optimal set is
calculated using Equation 3.2, where the first and the last solutions of the pareto optimal
set are considered to be infinite. The maximum and minimum values of the objective
space are denoted as [ and f™", respectively. f; refers to the sth individual set of

pareto-optimal solution.

[ '<nj ifircmk < jrank
0T((irank - jrank) (33)

and(idistance > jdistance ) )

The crowding distance operator helps to ensure diversity and obtain uniformly dis-

tributed PoF by guiding the selection mechanisms at various stages of the algorithm.
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According to Equation 3.3, the better solution (lower rank) is selected when two solu-

tions do not belong to the same front. On the other hand, a solution located in a lesser

crowded region is selected if both solutions are the members of the same front.

Table 3.1: The pseudo code of NSGA-II.

Input: parent P, offspring Q,, number of generation G, non-dominated

solution set F;

Output: survivors S

1:
2:

A A A A S

11:
12:
13:
14:
15:
16:
17:

Set initialize population randomly
Create offspring population Qy and apply binary tournament selection,
recombination, and mutation

for g = 0 to G do:

Ri=P U Qy

Do non-dominated sorting

Piy1 =0 and i=1

while [P, |+|F;| <N do:
Calculate the crowding distance of the front
Pry1|=|Pea|U F;
i=i+1

end while

Do crowding distance sorting

IPiia|=[Fea|U Fill 0 (N—[Prya])]

Use selection, crossover and mutation to create new population Q;

t=t+1

end for

Return S

Most real-world multi-objective optimization problems must be constrained. A simple

constraint-handling method that uses tournament selection in NSGA-II is proposed. In

tournament selection, the picked two solutions from the population may be in three

cases: Both solutions are feasible; only one solution is feasible; both solutions are in-
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feasible. When there is no infeasible solution among picked two individuals, the rank
is determined by the crowded comparison operator. On the other hand, if both are in-
feasible, a solution that has a smaller overall constraint violation dominates the other.
Always, the infeasible solution is dominated by feasible solutions. More details can be

found in [20].

£, (min) £, (min)
e ] © ©
g e i1 Cuboid
o e ;s L ie
b ¢
: flfmin) : fltmin)
R Non-dominated Crowding
t sorting distance sorting — t+1
--------------------- - [

Figure 3.4: General framework of NSGA-II.

3.4. Circuit Modeling: Artificial Neural Network

Artificial Neural Network (ANN) is a mathematical model inspired by biological neu-
ral networks consisting of neuron combinations. In a biological neuron, the soma pro-

cesses information coming from the dendrite and conveys it to the axon. An artificial
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neuron follows the same procedure as a biological neuron. The body of an artificial
neural network sums the weighted input value with a bias and processes it by a math-
ematical function. The processed information is stored at the output of the neuron. A
simple mathematical expression of the artificial neuron model is given in Equation 3.4
where z;(k), w;(k), b, F' and y;(k) denotes input value, weight value, bias, transfer

function, and output value, respectively.

y(k) = F(Z w;(k).z;(k) + b) (3.4)

ANN model can be separated into three basic blocks which are multiplication, sum-
mation, and activation. Basic mathematical operations perform the multiplication and
summation. However, each weighted input with biases is processed via an activation

function such as sigmoid function, exponential linear unit function, rectified linear unit

function, etc.

‘ X, n,m, y—signals; w,q r—weights; F —functions; b — biases; . neuron ‘
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Figure 3.5: A feed-forward artificial neural network.

Most real-world problems cannot be modeled with a single artificial neuron. Artificial
neural networks may be constructed with a lot of neurons and several layers for high-
accuracy modeling of complex definitions. However, the random connection of the
artificial neurons is not preferred due to computing complexity, efficiency, accuracy,

and managing consideration. Numerous interconnection ways, also called topology,
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are presented to address this issue. In this thesis, the circuits have been modeled by
a feed-forward artificial neural network approach whose representation is depicted in
Figure 3.5. Asseen in Figure 3.5, information flows only in one direction from input to
output without back-loops. The input layer containing as many neurons as the number
of input vectors, creates new signals by processing weighted and biased input signals.
In the hidden layer, each neuron receives information from the signals produced by each
neuron in the previous layer. Finally, the output layer processes all formed information
through an activation function. The mathematical framework of the aforementioned

network example is given in Equation 3.5.

s :Fl(wl.x1+bl) |

ne = Fy(wy.xy +by) | My = Fy(q1.n1 + q3.n3 + ¢5.1n5 + by)
| My = F5(q2.n2 + q4.n4 + q6.16 + bs) (3.5)
\ y = Fs(r1.mq + ro.mo + bg)

Ng = Fg(w3.$3 + bg) |

Basically, an ANN model construction is based on two main phases, which are the neu-
ral network development and training of the model. The success of a model depends on
the established ANN structure and the training process. Different learning techniques
can be used for any ANN topology, depending on the characteristics of the available
data. Conventionally, the learning process can be investigated under three sub-titles,
which are supervised learning, unsupervised learning, and reinforcement learning. Su-
pervised learning refers to the training procedure, where the ANN model is trained by
the training data consisting of input and corresponding output value pairs. The trained
model is tested via validation data, which is not included in the learning process. In
cases where there is no output information regarding the input vector, the unsupervised
learning technique is preferred. On the other hand, reinforcement learning sets the pa-
rameters of an ANN without previously provided data. Reinforcement learning guides
ANN actions in an environment to maximize reward. In this thesis, circuit models
were created through ANN. The models have been trained by the supervised learning

technique.
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4. EC-BASED ALGORITHM SELECTION

The metaheuristic algorithms can be separated into two main categories: Evolutionary
Computation (EC) and Swarm Intelligence (SI), where evolutionary process and behav-
1or pattern on foraging of insects, respectively [57]. There are numerous EC-based and
SI-based algorithms have been provided in the literature. Strength Pareto Genetic Algo-
rithm - 2 (SPEA-2)[43], non-dominated Sorting Genetic Algorithm-II (NSGA-II)[20],
Multi-objective Evolutionary Algorithm Based on Decomposition (MOEA/D)[58] and
Differential Evolution (DE)[59] are well-known EC-based algorithms employed in ana-
log/RF optimization. Particle Swarm (PS)[25], Ant Colony (AC)[28], and Bee Colony
(BCO)[60] are the most preferred SI-based algorithms. On the other hand, some meta-
heuristic approaches such as Random Key Genetic Algorithm [61], Bacterial Foraging

[62], and Artificial Immune System [63] do not prove the reliability of IC synthesis.

METAHEURISTIC ALGORITHMS

Evolutionary Computation (EC) Swarm Intelligence (SI)

— Non-Sorting Genetic Algorithm-II (NSGA-2) —
e — Art Colony (AC)

|_, Multi-Objective Evolutionary Algorithm "+ Bee Colony (BC)

based on Decomposition (MOEA/D)

> — Bacterial Foraging (BF)

— Random Key Genetic Algorithm (RKGA) —> Artificial Inmune System (AIS)
Low High
I LEVEL of USAGE IN IC SYNTHESIS
RKGA AC NSGA-2
BF BC MOEA/D
AlIS

Figure 4.1: Taxonomy of metaheuristic algorithms [64].

Considering the developed automation tools in the literature, EC-based algorithms are
frequently preferred to solve IC optimization problems due to their reliability and ro-
bustness. A taxonomy of metaheuristic algorithms is shown in Figure 4.1. The manual

design of analog/RF circuits is tedious since the designer strives to meet design spec-
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ifications by balancing between enormous trade-offs. Moreover, the IC synthesis pro-
cess is quite complex due to it contains challenging design objectives with hard design
constraints. In this context, although EC-based approaches are pretty suitable for IC
synthesis, the algorithm preference is crucial to realize circuit optimization. In this sec-
tion, the most employed two EC-based approximations, NSGA-II and MOEA/D, have
been compared to determine the most convenient algorithm for analog/RF IC sizing.
Test benches have been introduced for both analog and RF circuits. The benchmark
circuits have been synthesized via a developed multi-objective optimization tool under
the same conditions. The algorithm comparison has been realized by the obtained PoF

for each circuit with well-known pareto quality metrics [64].

4.1. Analog Benchmark and Synthesis Results

The analog benchmark has been introduced to perform the comparison of NSGA-II
and MOEA/D. Five fundamental analog building blocks: Active-loaded differential
amplifier, two-stage with compensation, folded cascode OTA, a voltage comparator,
and band-gap reference circuits are the members of the introduced benchmark. All
synthesis have been performed via the developed tool introduced in chapter 4. The al-
gorithms that were used as optimization kernel were implemented on Python”™ | where
HSPICE® is utilized as a performance evaluator. All optimizations were carried out
on an AMD Ryzen-9 5900X 12-Core Processor with 64 GB RAM. UMC130-nm tech-

nology model parameters were included in all circuit netlists.

4.1.1. Active Loaded Differential Amplifier

The conventional active loaded differential amplifier whose schematic is shown in Fig-
ure 4.2 is introduced as the first member of the analog benchmark. The circuit drives
0.5 pF capacitive load, and it is supplied by a single voltage of 1.2V source. Since the
amplifier has not been biased symmetrically, the input transistors have been externally
biased to ensure that transistors operate in the saturation region. For that reason, the
bias voltage is also determined as a design parameter in the decision space. The circuit
topology is quite simple, it consists of input differential pairs (M1-M2), active loads

(M5-M6), a current mirror (M3-M4), and a resistor used to determine the current.
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Figure 4.2: Schematic of the active-loaded differential amplifier.

The circuit synthesis has been performed under power consumption, the chip area, and
phase margin (PM) constraints, where the DC gain of the amplifier (4() and unity-gain
bandwidth (f;) were defined as design objectives. The DC gain was also constrained
to prevent premature convergence in first populations. Design parameters, objectives,
and constraints for the first analog benchmark member are listed in Table 4.1. The

population size and generation size were both determined as 100.

Table 4.1: Design parameters, objectives, and constraints for the active-loaded differ-

ential amplifier.

Design Parameters Design Objectives Design Constraints
Boundaries L[pm] W[um] Rp[Q2] Viias[V] Gain BW Power PM  Gain Area
Lower 0.13 1 100 0.2 max max <5mW >45° >0dB <300um?
Upper 1.3 100 10k 0.8

The resultant PoFs from the synthesis of the circuit with MOEA/D and NSGA-II for

two-objective optimization are shown in Figure 4.3. It can be said that the convergence
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is quite similar and well-distributed PoFs are obtained with both algorithms. Both de-

sign spaces have converged to the final solution at the half of generation number.

Gain (dB)

2 B &
Gain (dB)
ﬁ = i =

5=
(=]
(=]
(=)
L

\\

—
wn
Ju—
th
.

0 1 2 3 0 1 2 3
BW (Glz) BW (GHz)

(a) MOEA/D (b) NSGA-II

Figure 4.3: PoFs of differential amplifier for MOEA/D and NSGA-II.

4.1.2. Two Stage OTA

The second amplifier in the benchmark is a two-stage OTA given in Figure 4.4. The
load capacitance is 0.5pF and input transistors have been also biased by external voltage
sources because of the absence of a symmetrical supply. The topology is a derivative
of the active-loaded differential amplifier, where input pair(M1-M2), load (M3-M4),
current mirror (M5-M8), and bias resistor R, introduce the differential amplifier; M6
is the second stage of the amplifier biased by M7. Since the circuit consists of two cas-
caded stages, two dominant poles occur that can cause the amplifier to become unstable.
For safe operation, the compensation capacitance was inserted between the outputs of
the first and second stages to split the dominant poles. Again, while DC gain and unity
gain frequency were design objectives; phase margin, power consumption, chip area,
and DC gain were determined as design constraints. Decision space boundaries, objec-
tives, and constraints are tabulated in Table 4.2. Unlike the differential amplifier, the
compensation capacitor has been added to the design space, and power consumption

has been constrained by 10 mW.
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Table 4.2: Design parameters, objectives, and constraints for two-stage OTA.

Design Parameters Design Objectives Design Constraints
Boundaries L[pm] W[um] Ry[Q] Vius[V] Celpf] Gain BW Power PM  Gain Area
Lower 0.13 1 100 0.2 0.1 max max <10mW >45° >0 <1000m?

Upper 1.3 100 10k 0.8 50
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Figure 4.4: Schematic of the two-stage OTA.
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Figure 4.5: PoFs of two-stage OTA for MOEA/D and NSGA-II.
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4.1.3. Folded Cascode OTA

Another amplifier circuit, folded cascode OTA has been selected as the third bench-
mark member. The circuit drives the same capacitive load and is supplied by a single
power supply. In addition, the differential input pair was biased to ensure keeping in
the saturation region. The circuit schematic is shown in Figure 4.6. The current created
by the cascode current source is steered by M9 and M10 to the output stage, and M4
sinks some portion of the current of M9 and M10 to bias the input pair. The amplifier’s

output stage consists of a stack of cascaded transistors, some of which need proper gate

biasing.
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Figure 4.6: Schematic of the folded cascode OTA.

Table 4.3: Design parameters, objectives, and constraints for folded cascode OTA.

Design Parameters Design Objectives Design Constraints
Llpm] Wlum] Ry[Q] Viias[V] Vemi[V] Veme[V] Gain BW Power PM  Gain Area
Min  0.13 1 100 0.2 0.1 0.2 max max <10mW >45° >0 <1000umm?
Max 1.3 100 10k 0.8 0.8 1

In the folded cascode OTA optimization, the design objectives and design constraints
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are the same as in the two-stage synthesis. On the other hand, the compensation capaci-
tor has been removed from the design parameter, and common mode voltage bias values
have been added to the decision space. Design parameters, objective space functions,
and optimization constraints are provided in Table 4.3. The synthesis has been carried
out by 400 generations with 150 population size. Considering the resultant PoFs are
given in Figure 4.7, the MOEA/D is better than NSGA-II in terms of design space cov-
erage and spreading of solutions. Moreover, MOEA/D has converged to the final PoF
with 225 iterations while no significant convergence improvement can be mentioned

after 290 iterations in NSGA-II.
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Figure 4.7: PoFs of folded cascode OTA for MOEA/D and NSGA-II.

4.1.4. Voltage Comparator

The voltage comparator circuit which is widely used in many analog applications was
selected as another analog benchmark circuit. The latched comparator shown in Fig-
ure 4.8 roughly consists of three parts: Active-loaded amplifier which is introduced by
the transistors M2, M3, M5, and M6; the cross-coupled transistors that boost the differ-
ential gain and balance the output resistance; a common source amplifier by M8; and
an inverter that gives the final state of the comparison signal. The circuit is symmetri-
cally supplied with 0.9V voltage sources, where the bias voltage of the M4 transistor

is constant 0.1V.
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Figure 4.8: Schematic of the voltage comparator.

Power consumption and delay have been defined as both design goals and design con-
straints for the comparator circuit. The time delay has been intentionally constrained
to eliminate infeasible solutions. Decision space boundaries and other optimization pa-
rameters are listed in Table 4.4. The circuit has been synthesized with 60 generations
each containing 150 individuals. All transistor lengths have the same size to achieve
high speed. Furthermore, the design space boundaries have been narrowed to facilitate

the optimization process.

Table 4.4: Design parameters, objectives, and constraints for voltage comparator.

Design Parameters Design Objectives Design Constraints
L{pm] W[um] Power  Delay Power Delay
Max 0.13 0.16 min min <5mW >0

Min 13 80
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As seen from the optimization results given in Figure 4.9, a well-distributed pareto op-
timal front was achieved by NSGA-II, however, MOEA/D has stacked at local minima

which is not desired situation.
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Figure 4.9: PoFs of voltage comparator for MOEA/D and NSGA-II.

4.1.5. Bandgap Reference

Bandgap reference (BGR) is one of the most critical analog sub-block which is nec-
essary in any system-level design to avoid being affected by changing temperature
conditions. The well-known Banba’s BGR circuit [65] has been considered as the final
member of the analog benchmark. The circuit whose schematic is presented in Fig-
ure 4.10 is supplied by a single voltage source of 1.8V. The presented BGR is formed
of the start-up circuit, current source MOSFETs, and a kind of resistor-diode combina-
tion to perform temperature compensation. The error amplifier is utilized to provide
equal voltage at both two emitter terminals. The start-up circuit (MS1-MS2-MS3-MS4)
prevents DC errors that may occur at the initializing phase. The resistor-diode combi-
nation refers to the RO, R1, R2, R3, QI1, and Q2 configuration, where Proportional to
Absolute Temperature (PTAT) current flows through R0, and Complementary to Abso-
lute Temperature (CTAT) current flows through R2. Thus, a temperature-independent

current is generated at the output.
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The input referred noise and power consumption were determined as objective func-
tions. On the other hand, power consumption, temperature coefficient, and the output
reference voltage introduce the constraints of the optimization process. Design param-

eters, objectives, and constraints are listed in Table 4.5.

Table 4.5: Design parameters, objectives, and constraints for BGR.

Design Parameters Design Objectives Design Constraints
Boundaries L[gym] W[um] R[Q)] Power  Noise TC Power Vout
Lower 0.13 0.65 100 min min <100 ppm C° <10mW 0.29V <V,.; <031V
Upper 1.3 97.5 100k

The multi-objective optimization of BGR has been carried out by 350 generations with
150 population size. The resultant PoFs are depicted in Figure 4.11, where MOEA/D
has not found optimum solution points and it has created rough PoF, while well-distributed

PoF obtained via NSGA-II after 290 iterations.
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Figure 4.11: PoFs of bandgap reference for MOEA/D and NSGA-II.

4.2. RF Benchmark and Synthesis Results

RF circuit synthesis is more problematic, since they include passive elements such as
inductors and capacitors, so the RF circuits require more sophisticated performance
analyses, like steady-state and harmonic balance analyses. Generally, the performance
of RF circuits is evaluated by EM simulations to achieve highly accurate estimation.
However, even if EM simulation is highly accurate, it is not efficient in terms of simu-
lation time. On the other hand, performance evaluation using ideal models for passive
devices gives optimistic results, where layout parasitic effects are not considered. To
increase the accuracy with promising acceptable evaluation time, physical-based par-
asitic aware models are utilized for passive elements as proposed in [42], where the
layouts and equivalent representations of the MIM (Metal-Insulator-Metal) capacitor
and planar inductor are shown in Figure 4.12. The metal width (W), the length (L), and
well spacing (D, and D,) constitute capacitor design objectives, while ’2 — 7’ model
is utilized for inductor modeling where metal width, the number of turns, the metal
spacing, the outer diameter, and the well spacing denoted as W, V;, D,, s, and D, ,,
respectively. Corresponding equivalent circuits of each model were introduced in the
circuit netlist as sub-circuit. The RF benchmark includes two circuits: A cross-coupled
LC CMOS oscillator, and a MOS cascode low-noise amplifier (LNA). Circuit synthe-
ses have been carried out by the developed tool, and HSPICERF® has been employed

as the performance evaluator.
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Figure 4.12: MIM capacitor and planner inductor layouts [42].

4.2.1. CMOS Differential Cross-coupled LC Oscillator

The cross-coupled LC oscillator whose schematic is shown in Figure 4.13 was con-
sidered as the first member of the proposed RF benchmark. While the LC tank is the
resonator part of the circuit, cross-coupled transistors generate the required negative
impedance to satisfy Barkhausen criteria. Owing to the presence of complementary
cross-coupled pairs, the power consumption is reduced when compared to NMOS-only
or PMOS-only pairs. The circuit is biased by a symmetrical supply voltage of 1.2V The
initial condition statement has been determined at the output node as 0.6V to avoid ini-
tializing problems and to ensure proper operation. In oscillator optimization, the phase
noise (PN) and the power consumption were determined as both design objectives and
design constraints. Although the phase noise should be minimized as much as pos-
sible, an inequality constraint was determined at the extreme minimum point which
introduces a boundary to prevent infeasible solutions. In addition, the oscillation fre-
quency, oscillation amplitude, and power consumption were also considered as design
constraints. The design objectives and constraints are listed in Table 4.6. Here, it
should be emphasized that the oscillation frequency has been constrained as narrow

as possible to achieve a precise targeted frequency value. In addition, under-damped
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solutions are eliminated by checking the oscillation amplitudes at 3-4ns and 7-8ns time

intervals.
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Figure 4.13: Schematic of the CMOS differential cross-coupled LC oscillator circuit.

Table 4.6: The design objectives and the constraints of CMOS oscillator.

Constraints Values
* Phase Noise @ 1MHz -150[dBc/Hz] <PN <-115 [dBc/Hz]
* Power Consumption <10mW
Oscillation Frequency 2.39 GHz <f, <2.41 GHz
Oscillation Peak Amplitude @3ns and @7ns >1V

* Phase Noise and Power Consumption are also design objectives to be minimized.

The population size was determined as 100, and the maximum generation number was

determined as 400 which introduces stopping criteria for the optimization. The de-
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sign parameters are given in Table 4.7. Even if the number of design parameters
seems to be less than the previously synthesized analog circuits, the automatic syn-
thesis of the oscillator is highly problematic due to its highly non-linear nature and sim-
ulation/measurement difficulties. To ensure accurate measurement results via SPICE

evaluation, a suitable test bench should be constructed.

Table 4.7: Design parameters for CMOS oscillator.

Boundary L[Mm] W1:4[Hm] [/V5:6 [,le] [bias [mA] l/]Vr:a,p [Mm] L(:ap[um] D()[Mm] I/Vi,nd [N‘m] th S[#m]

Lower  0.13 10 10 0.5 10 10 135 3 5 15
Upper 1 35 500 6 30 35 150 55 75 25
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Figure 4.14: PoFs of oscillator for MOEA/D and NSGA-II.

The obtained PoFs for the oscillator circuit are depicted in Figure 4.14. Considering
the figure, it can be interpreted that NSGA-II succeeds in generating a proper front,

whereas MOEA/D gives a few solutions in the same trajectory.

4.2.2. Cascode Low-noise Amplifier

The last of the synthesized circuit, the 2.4GHz LNA circuit in the cascode topology, has
been chosen as the second member of the RF benchmark. The schematic of the circuit
is given in Figure 4.15, where the V;; value is 2.4V. The L2 and parasitic capacitance
occurred at the drain of M2 determine the resonance frequency of the circuit. M3 is a

current sink that steers the generated current by M1.
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Table 4.8: Design Parameters of cascode LNA

Boundaries L[pum] W[um] Ri[Q] Ro[Q] Dofum] Wi,e[pm] Ny s[pm]

Lower 0.12 24 1k 1k 75 2 25 15
Upper 1 480 15k 15k 150 10 7.5 25

The physical-based equivalent circuit model has been placed into the circuit netlist to
realize parasitic-induced inductor modeling for all inductors, similar to the oscillator cir-
cuit. The design parameters and decision space boundaries are listed in Table 4.8. On
the other side, the circuit was optimized within 2-dimension objective space, where the
noise figure (NF) and power consumption are objective functions, under S-parameters
constraints. To limit the power, the power consumption was also determined as a de-
sign constraint besides S-parameters constraints. Design objectives and constraints are
tabulated in Table 4.9. The virtual matching networks are used to match input and out-

put impedances to 50 €2 in the simulation environment.
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Table 4.9: The design objectives and the constraints of LNA.

Objective Space Constraints

Noise Figure Power Consumption Power [mW] Si; [dB] Si2 [dB] Sa; [dB]
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Figure 4.16: PoFs of LNA for MOEA/D and NSGA-II.

The circuit has been synthesized with 500 generations for 50 population sizes. Consid-
ering resultant PoFs, NSGA-II has created well-distributed solutions, while MOEA/D
has reached a poor quality PoF, where convergence and continuity are not as good as

the PoF obtained by NSGA-II. Both circuits achieved the final PoF in 190 iterations.

4.3. Discussion and Comparison of the Synthesis Results

In the previous sections, benchmark circuits have been synthesized through the devel-
oped tool. In an optimization process, the searching algorithm seeks to possible best
solutions with satisfying determined constraints. Therefore, the best way of determin-
ing searching algorithm effectiveness is PoF quality evaluation via PoF quality metrics.
In this context, performances of MOEA/D and NSGA-II have been compared by well-
known five different PoF quality metrics which are Generational Distance (GD), In-
verted Generational Distance (IGD), Spacing (SP), Spread (A), and Maximum Spread
(MS). The GD is about how converge the solutions are to the real solution set. As
seen from the Equation 4.1, it determines the average distance between each solution

revealed in the obtained PoF and its closest neighbor solution in true PoF. On the other
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side, even if IGD is given in Equation 4.2 looks quite similar to GD, it is the inverse of
GD. The IGD is utilized to determine how far the true PoF solutions are from evolved
solutions, where the evolved solution is the reference for real PoF. These two metrics
can be classified into two indicator categories: Convergence and distribution, and con-

vergence.

B =

1
GD(Yy;Yp) = v Z y@e@ [l 4.1)
yte
X »
IGD(Yy;Yp) = > min [yt =y’ (4.2)
P yQGYpy €¥Yn

The spacing indicator is utilized to determine the homogeneity of the obtained solutions
which gives the distribution of the solution in the evolved PoF. The SP metric is cal-
culated byEquation 4.3, where d'(y’, Yy\{y’}) is the Manhattan distance between y;
and its closest neighbor in the solution set Yy, and d means of all calculated Manhattan

Distance values.

1 [Yn|

SP(Yn) = \| g =T Z (J— 4\ (g, YN\{yj}>>2 (4.3)

Another indicator, A, classified into dispersion and range, determines the extent of
propagation solutions relative to the actual solution set. Metric A is calculated by
Equation 4.4, where d°(y/, Yx\{y’}) gives Euclidean distance between two consecu-
tive solutions of the obtained pareto front Yy, and dc denotes the mean value of the
d°(y?,Yy\{9’}). Here, it is worth noting that the indicator can be misunderstood
if pareto front is formed by separated multiple solution groups. Since it utilizes (2
norm for the determined distance between each solution and its closest neighbor. Also,
mingeyy ||y"* — y|| for i=1,2 denotes the [2 distance between two extreme solution

points of real PoF and corresponding boundary solutions of the obtained solution space.
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The MS metric measures how well the resultant pareto approximation covers the true
. max,min max,min
pareto front. It can be calculated by Equation 4.5, where PFyi €Yy and PFyi v
are the maximum or minimum value of ¢th objective in the obtained solution set and
real PoF, respectively. In addition, M represents the objective number. Furthermore,

information about performance metrics can be found in [66], [67].

M y max max min min
e iz min(PFRE,.  PETES ) — max(PFyieyN,PFyiEYP) 2 ws)
M PFmer PR -
y'eYp y'eYp

=1

If high-quality PoF is to be mentioned, the metrics GD, IGD, A, and SP should be as
small as possible, on the other side, MS should be as large as possible. To evaluate
the obtained PoF quality via these metrics, a proper PoF is necessary. To prevent any
misleading results in the PoF quality evaluation process, a logical operator called Entia
has been defined, which gives 1 if proper PoF is obtained and vice versa. In addition,
the convergence point (CP) is defined to indicate the number of iterations at which the
algorithm converges to the solution. Eventually, a figure of merit (FoM) in Equation 4.6

formed by combining all these measures have been defined to do an overall evaluation.

MS x Entia

FOM = o TaD X Sx AXCP

(4.6)

Most of the performance indicators require a true PoF to evaluate the quality of the
resulting PoF. In this context, to obtain true PoF for provided benchmark circuits, all
circuits have been synthesized with increasing maximum iteration count 4 times larger
than their nominal values. To quickly assess the performance of the algorithm, all of
the metric indicator results, Entia functions, and figure of merit calculations for both

algorithms are tabulated in Table 4.10.
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Table 4.10: The comparison table of competitor algorithms.

Differential Amplifier Two-Stage OTA Folded Cascode OTA | Voltage Conparator

MOEA/D NSGA-II | MOEA/D NSGA-II | MOEA/D NSGA-II | MOEA/D NSGA-II
GD[] 0.01 0.017 0.05 0.05 0.14 0.07 1 0.01
IGD[] 0.03 0.03 0.19 0.14 0.14 0.16 0.94 0.02
SP[I] 0.07 0.06 0.20 0.18 0.07 0.09 1 0.06
A[] 0.13 0.14 0.51 0.38 0.26 0.28 0.84 0.22
MS[1] 0.99 0.99 0.93 0.98 0.98 0.96 0.97 0.97

Entia [0/1] 1 1 1 1 1 1 0 1
cp 50 50 185 180 225 290 X 20

FoM 7.25e3 7.85e3 5.18 11.37 12.21 11.72 0 18.37¢3
Band-gap Reference Low-Noise Amplifier CMOS Oscillator

MOEA/D NSGA-II MOEA/D NSGAII MOEA/D NSGA-II
GD[] 0.01 0.02 0.02 0.04 0.04 0.03
IGDI[|] 1.59 0.06 1 0.10 0.37 0.08
SP[] 0.36 0.19 0.87 0.08 0.59 0.17
All] 0.52 0.46 1 0.34 0.69 0.31
MS[1] 0.56 0.99 0.99 0.97 0.87 0.94

Entia [0/1] 0 1 0 1 1 1

CP X 290 X 300 150 190
FoM 0 32.54 0 29.71 0.96 39.11

Considering the comparison summary, MOEA/D is slightly better than NSGA-II in
obtaining well-distributed true PoF for the synthesis of the differential amplifier and
folded cascode OTA circuits. As with the other two-amplifier syntheses, both algo-
rithms perform head-to-head in the two-stage OTA synthesis, where NSGA-II is slightly
better than MOEA/D. In particular, MOEA/D perform well in solving relatively sim-
ple circuit sizing problem with the help of decomposition operation. On the other side,
NSGA-II provides homogeneously distributed solutions as seen from spacing metric re-
sults. These well-distributed solutions in NSGA-II are obtained owing to the crowding
distance operator which ensures diversity in the solution set. Although MOEA/D has
not reached the proper distributed PoF for the voltage comparator, the spread metric
demonstrates a commendable level of efficacy since the algorithm has found extreme
solution points in the objective space. As mentioned before, only one metric does not

make sense on its own. This situation has been proved by indicator results for MOEA/D
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for the voltage comparator circuit. While the spread metric is good enough, the other
metrics of MOEA/D cannot even be compared to those of NSGA-II. The NSGA-II
outperforms MOEA/D for the fourth benchmark circuit. In addition, in BGR, the GD
metric result can lead to misunderstanding MOEA/D performance on band-gap refer-
ence circuit synthesis. Some performance measurements produced misleading results
for the oscillator’s PoF. Even though MOEA/D could not achieve uniform pareto opti-
mal solutions, the algorithm looks better in terms of GD. It is caused by the GD giving
limited information about distribution when the solutions spread into multiple clusters
and some holes are formed in the resultant PoF. Also, MOEA/D has found extreme so-
lutions, thus the algorithm is better than NSGA-II in terms of maximum spread metric.
However, there cannot be any doubt that NSGA-II is superior to MOEA/D in oscillator
synthesis. In the synthesis of the LNA circuit, even though MOEA/D has created proper
pareto optimal solutions, NSGA-II outperforms MOEA/D in terms of all performance
metrics. In summary, it can be concluded that the efficacy of the MOEA/D algorithm
diminished with increasing circuit complexity. The author considers that the cause of
this situation can be explained by two main reasons: One possible reason that might
be the decomposition operator causes reduced diversity in the population, especially in
the synthesis of more complex circuits, which may constitute many infeasible solutions
in first generations; the second one can be the applied constraint handling method may
be insufficient for circuit optimization. In conclusion, it has been seen that NSGA-II
can solve multi-objective analog/RF sizing problems even if the synthesized circuit is

complex or strictly constrained.
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S. ANN MODEL GENERATION AND ANN-BASED
OPTIMIZATION

To accelerate the optimization process, especially for highly complex circuit synthesis,
the ANN models have been created. The ANN model generation flowchart for ana-
log/RF sub-blocks is given in Figure 5.1. The synthesis process begins as in previous
sections with SPICE-based optimization, where NSGA-II searches best solutions in
the objective space. After initializing optimization, ANN model training starts with
the first created population. The design objectives, constraints, and parameters that
constitute optimization solutions and decision spaces are utilized to model training.
The SPICE-based synthesis and model training have been performed simultaneously
until the training process is accomplished. After that, the trained model then replaces
SPICE to perform the performance evaluation task, then the synthesis process turns
into machine learning (ML)-based optimization. Determining the stopping criteria for
the model training is quite critical, both efficiency and accuracy must be considered at

the same time. Therefore, a condition is defined by the user to finish model training.
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Figure 5.1: Flowchart of ML-based optimization tool.
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The model training phase plays a very critical role in providing both efficiency and accu-
racy which are two crucial elements of an optimization tool. If the model is trained only
using feasible solutions, especially for complex circuits, the vision of the trained model
may narrowed causes to perform inaccurately. On the other side, when the model is
trained by a huge dataset to increase accuracy, the synthesis time extends beyond prac-
tical time limits. In this regard, two important points should be taken into consideration
for model training in developed tools: Including both infeasible and feasible solutions
in training data, and determining proper stopping criteria without sacrificing accuracy

or efficiency.

5.1. Data-set Creation and Benchmark Examples

The ANN modeling consists of two phases which are data-set creation and model train-
ing. Both of these have the same importance for the construction of a high-accuracy
model. The inadequacy of one can render an ineffective model. The data set creation
process is well established for some ANN modeling, especially image modeling and
classifying, where data can be easily expressed mathematically. However, modeling
some real-world examples may be quite tedious since it requires a burdensome dataset-
generation process. In this context, as the circuit performance highly depends on the
provided technology node, and it changes with the alteration of environmental effects
such as bias voltage, load impedance, and temperature, it is impossible to reach the
available dataset to any analog/RF topology for modeling. The developer has to gen-
erate and organize the training dataset, manually. To collect data that will be added
dataset structure, SPICE simulations are necessary. Although there are many different
data collection methods for analog/RF circuit training, the data creation via paramet-
ric sweep in determined parameter interval is frequently used to obtain training data.
Changing any design parameter means a new design, which can be included in the
training dataset. Even though this method is simple, it contains a trade-off between
accuracy and efficiency. A large number of simulation results are required to compre-
hensively explore the entire design space, leading to a decrease in the efficiency of
the training process. On the other side, when the dataset is narrowed, over-fitting may

occur due to inadequate sample size.
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Figure 5.2: An illustration of dataset generation in developed tool.

To overcome this bottleneck, training data are generated by the genetic algorithm, which
helps to reach whole possible solutions in the design space of a particular circuit. The
genetic algorithm ensures diversity in evolving populations with genetic operations.
Thus, diversified sampling is guaranteed without sacrificing time consumption. The
dataset generation process of the developed ML-based optimization tool is illustrated
in Figure 5.2. The offspring is generated using the genetic information of their par-
ents, owing to the genetic algorithm that applies crossover and mutation on parents’
chromosomes. Let us think about a multi-objective optimization problem that has two
objective functions and both of them should be minimized. Here, generated offspring
may belong to five distinctive regions in the objective space which are the feasible solu-
tion region, pareto optimal front line, two infeasible solution regions that include better
or worse candidates in terms of the only objective function, and the infeasible solution
area out of functions boundaries. The solutions belonging to the feasible solution re-
gion are directly joined to the training dataset. On the other side, in cases where the
solution is infeasible, it is decided whether to include it in the data set or not, according

to the location of the solution in the objective space. If the infeasible solution has bet-
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ter objective values than pareto optimal solutions, that individual is directly included
in training data. Even if, in most optimization cases, it is rare to obtain an individual
better than the optimal solution set, this situation may occur when the optimization
problem is strictly constrained. Including these solutions in the dataset increases the
accuracy of the circuit model. When the solution is outside the first region of the ob-
jective space, it was not appended to the training data because these solutions contain
”failed” measurements that can not be expressed mathematically. Finally, in the last
infeasible solution case where created offspring both have a worse rank than pareto op-
timal solution set and it does not satisfy predefined constraints, the decision to include
them in the dataset is made by the user. Especially, if some solutions cluster at extreme

points of the objective space, these solutions are not included in the dataset.

5.2. Training of Active Loaded Differential Amplifier

As the first example of ML-based optimization, the differential amplifier whose schematic
provided in Figure 5.3 has been synthesized. As the circuit works under a single sup-
ply, the gate terminals of the input pair are externally biased by a voltage source. The
design parameters and objectives which also introduce to input layer and output layer
of the ANN model, respectively, are listed in Table 5.1. The synthesized circuit was
not constrained to test the circuit modeling and ML-based optimization abilities of the

developed tool.

Table 5.1: Design parameters and objectives for the differential amplifier.

L{pum] W[um] R[] Viius[V] Objectives: M=2
Lower Bound 0.12 0.16 100 0.2 Gain Bandwidth
Upper Bound 1.3 97.5 10k 0.8 Max. Max.
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Figure 5.3: Active-loaded differential amplifier schematic.

A five-layer ANN model was constructed to mimic the active-loaded differential am-
plifier circuit behavior. The representation of the ANN model for the differential am-
plifier is shown in Figure 5.4. The input and output layers contain 8 neurons and 2
neurons, which are the number of all design parameters and design objectives, respec-
tively. Three hidden layers are placed between the input and output layers, where all
hidden layers are activated by rectified linear unit (ReLU) function and it contains 160,

300, and 300 neurons, respectively. The model has been trained with 150 epochs.
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Figure 5.4: ANN model for active-loaded differential amplifier
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The synthesis has been carried out with 100 generations for 100 population size. The
model training has lasted up to 50 generations, and the circuit model has been utilized
as the performance estimator instead of SPICE in the remaining 50 iterations. Thus
the optimization process can be defined as SPICE-model combination-based synthe-
sis. The obtained three PoFs are shown in Figure 5.5, where blue, green, and red
indicators represent obtained PoF via only simulation-based synthesis, simulation and
model combination-based synthesis, and only model-based optimization, respectively.
As seen from the figure, the developed model has failed for only extreme solutions
in objective space. This error might caused by the lack of adequate amount training
data for extreme solutions. Nevertheless, model-based synthesis has been achieved to

obtain true PoF.
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Figure 5.5: The constructed model performance for differential amplifier synthesis.

5.3. Training of Two-Stage OTA

The two-stage OTA whose schematic is depicted in Figure 5.6 was selected as the sec-
ond test circuit. As the circuit is symmetrically supplied, there is no need for gate bias-
ing. In this context, transistor lengths and widths, compensation capacitor, and biasing
resistor are the decision functions. As the amplifiers are usually utilized in closed-loop

configuration in system-level design, a close-loop test bench has been constructed to
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make proper measurements for two-stage OTA. DC gain and unity gain frequency were
determined as design objectives like in the previous synthesis. Additionally, to increase
the complexity, phase margin, power consumption, and chip area have been defined as

design constraints. All optimization parameters of the two-stage OTA are tabulated

inTable 5.2.
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Figure 5.6: Two-stage OTA schematic.
Table 5.2: Design parameters and objectives for two-stage OTA.
Bounds L[um] W[um] R[Q] C¢[pF] Objectives: M=2 Cosntraints: K=3
Lower  0.12 1 100 0.1 Gain Bandwidth PM  Power Area
Upper 1.3 100 10k 50 Max. Max. >45°  <10mW  <500um?

To increase the efficiency of the two-stage OTA modeling, different ANN models have
been created for the modeling of each design constraint. Design objectives have been
estimated with the help of a single ANN model, as in the previous example. Shortly, the

constructed model for two-stage OTA was separated into sub-models which is shown
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in Figure 5.7. The training dataset which includes normalized design parameters and
normalized performance values of the circuit has been directly used in the objective
space and phase margin models’ training. However, a classifying approach has been
considered in constructing power and area estimators. All power and area constraint
values were divided into two groups: Fall takes 0 and pass takes 1. The power and
area models estimate to what percentage the constraint is satisfied rather than a direct
estimate. In the ml-based optimization process, when the power or area model gives a

value below 0.5, the circuit is considered to violate the defined constraint.
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Figure 5.7: ANN model for two-stage OTA.

The network structure of design objectives is exactly the same as the differential am-
plifier network structure, except for the number of input layer neurons. The design ob-
jectives model has been trained with 400 epochs. On the other hand, the ANN model
created for phase margin estimation contains three hidden layers with 60-120-240 neu-
rons and sigmoid-linear-sigmoid activation functions, respectively, and the model was
trained with 200 epochs. Two identical ANN models, which include two hidden layers

with 64 neurons were developed to perform power and area estimations.

The two-stage amplifier circuit has been optimized for 300 generations with 150 in-
dividuals. The model has been trained with generated individuals by searching algo-

rithm over the 200 generations and the synthesis process has turned into model-based
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optimization after 200" generation. The obtained PoFs via three different synthesis
processes, where only model-based optimization fails in extreme solutions in the high

gain corner are shown in Figure 5.8.
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Figure 5.8: The comparison of performance evaluators for two-stage OTA synthesis.

5.4. Training of Voltage Comparator

The voltage comparator circuit whose schematic is shown in Figure 5.9 is selected as
the third benchmark circuit to test the developed model-based tool. The circuit drives a
0.5 pF capacitive load, and it is supplied by a 0.9V symmetric supply. Also, the current
source of the active-loaded amplifier (M4) is biased by fixed voltage of 0.1V. While the
transistor width values (pairs have the same width) and the length value (all transistors
have the same channel length) introduce decision space, the power consumption and
delay are both design objectives and constraints. All optimization parameters of the

voltage comparator are listed in Table 5.3.
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Table 5.3: Design parameters and objectives for voltage comparator.

Bounds L{um] W[um] Objectives: M=2 Constraints: K=2

Lower  0.13 0.16 Power Delay Power Delay

Upper 1.3 80 Min. Min. <0.5mW  >0s

Two different ANN models have been constructed for the design objectives of the volt-
age comparator. Synthesis of the comparator circuit is a difficult process and many
”failed” measurements might be obtained during the synthesis. These failed” mea-

surements were not added to the training data to ensure model accuracy.

Vad Vaa Vaa Vad Vaa

— [EIS M}z] )—><—{ l‘ljm ME] :
Vad

Vreto] EIE Mz;_] - — Eﬂl

Vbimso_| [:1\14 C1
— Em I
Mlai 1‘[__1\»19

Vs

Figure 5.9: The schematic of the voltage comparator.

Two ANN models constructed to separately estimate the design objectives of the com-
parator are given in Figure 5.10. Both models contain an input layer, where neuron
size is the number of design parameters in the decision space, three hidden layers, and
an output model. The ANN model to perform power consumption estimation contains
160,300, and 300 neurons in the hidden layers all of them activated by RELU function,

respectively. On the other side, the delay model contains three hidden layers with 20,30,
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and 40 neurons, where the exponential, exponential linear unit (ELU), and RELU func-

tions were determined as activation functions, respectively.
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Figure 5.10: ANN models for voltage comparator.

The synthesis of the comparator has been carried out for 150 generations with 100 pop-
ulation size. The model training was completed in the first 90 iterations, and optimiza-
tion continued using model evaluations until the maximum number of iterations was
reached. The resultant PoFs of three different optimization approaches are given in Fig-
ure 5.11. It can be said that the voltage comparator was modeled accurately because
both PoFs of model-based optimizations cover the PoF obtained by simulated-based

optimization.
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Figure 5.11: The constructed model performance for voltage comparator synthesis.

5.5. Training of Low-Noise Amplifier

An RF circuit, cascode LNA has been considered as the fourth benchmark circuit. The
schematic of the circuit is shown in Figure 5.12. The design parameters which are
transistor lengths (L;_3), transistor widths (W7 _3), biasing resistors (/2; and R), and

inductor ’2-7’ model parameters (D,,W;,q,/V;, and s) are tabulated in Table 5.4.

Table 5.4: Decision space of cascode LNA circuit.

Boundaries L[pm] W[um] Ri[Q] Ro[Q] Do[pm] Wipa[pm] Ny s[um]

Lower  0.12 24 1k 1k 75 2 25 15
Upper 1 480 15k 15k 150 10 75 25

The LNA circuit has been optimized to achieve the best solution by establishing a bal-
ance between power consumption and noise figure specifications that were determined
as design objectives. On the other hand, other important design specifications for LNA
such as S-parameters and power consumption were defined as design constraints. De-

termined design objectives and constraints of LNA optimization are listed in Table 5.5.
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Table 5.5: Design objectives and design constraints of LNA circuit.

Objectives: M=2 Constraints: K=4
Power Noise Figure Power Si1[dB] Si2[dB] S5:[dB]
Min. Min. <10mW  <-15 <-30 >10

In the data set creating process, not all individuals created by the searching algorithm
were included in training data. For the sake of ensuring accuracy, the failed solutions
have been removed from the dataset, and the selected data interval from the whole ob-
jective space has been narrowed. Three ANN models have been constructed to mimic
LNA circuit behavior. The power consumption and noise figure which are objective
space functions are modeled with one ANN which has three hidden layers. Also, the
precise estimation of S1; value another ANN model was created with five layers. The
S1o and Sy, parameters have not been directly estimated, these constraints have been

trained via the classifying method, like in power and area models for two-stage OTA.

Vad
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IN |

Figure 5.12: Schematic of the cascode LNA circuit.
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ANN model to perform design objective prediction consisting of three hidden layers

all of which include 50 neurons and activated by RELU function. The S;; value is

estimated by the ANN model with three hidden layers, where the neuron sizes are 160,

300, and 300 respectively. For constraints S75 and So;, an ANN consisting of two hid-

den layers for 64 neurons with activation function RELU, and a linear function output

layer was modeled. The constructed ANN models are shown in Figure 5.13.
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Figure 5.13: ANN models for low-noise amplifier
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The circuit has been synthesized for 400 generations with 50 population size. Half of
the synthesis was carried out by spice-based optimization, and the remaining half was
continued with model-based optimization. As seen from the resultant PoFs given in

Figure 5.14, obtained PoFs with model-based optimizations cover the real PoF.
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Figure 5.14: The comparison of performance evaluators for LNA synthesis.

5.6. Evaluation of Model Performances

Even though the effectiveness of the model was measured by performance metrics in
the training phase, the robustness of the model can not be evaluated. There are numer-
ous machine learning performance metrics, each is used to evaluate model performance
from various aspects. In a training process, the whole dataset is not used for training, a
certain percentage is reserved for testing, and performance evaluation is carried out us-
ing test data. The metrics results give important insights about the model performance,
however, they suffer from limited test data drawbacks. For this reason, the real effec-
tiveness of the created model can be seen when the training process is completed and
used in the real world. In this context, the performance of the constructed circuit mod-
els has been evaluated through their pareto front approximations quality. The quality

of obtained PoFs by ML-based optimization has been measured quantitatively via PoF
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metrics which are GD, IGD, SP, A, MS, and hypervolume (HV). The hypervolume
indicator gives the volume of the space between pareto front approximation and a ref-
erence point dominated by each solution in pareto optimal set. An illustration of the

HYV indicator is shown in Figure 5.15.

f5(min.)

f,(min.)

Figure 5.15: Illustration of hypervolume indicator for multi-objective problem.

Also, in the case presence of true pareto optimal front, the Hyperarea (HR) ratio given
in Equation 5.1 is used to determine the convergence of obtained PoF. The greater HR
value means that better convergence is achieved. However, the HR metric may be
misleading regarding the convergence information in our case, as the ANN model may
evaluate the circuit performance a little bit optimistically. For instance, if the obtained
PoF is more converged than the true PoF, it is concluded that the constructed model is
not performing properly, even if the HR ratio goes above 1. To address this issue, a
basic approach named derived hyperarea ratio (DHR), inspired by HR, is proposed in
Equation 5.2.

HV (Yn;7r)
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DHR(YN,YP;T) = <1 — |HV(

Yp;r) — HV (Yy; 7“)|)
HV (Yp;r)

(5.2)

All of the calculated quality metrics for benchmark examples PoFs (model-based opti-

mization) are listed in Table 5.6. As the reference PoF is needed to calculate metrics ex-

cept spacing, PoF obtained via simulation-based optimization was considered true PoF.

As seen from the metric results, all of the benchmark circuits have been successfully

modeled. Also, DHR is utilized to determine the accuracy of the circuit model. Ac-

cording to the DHR results, active-loaded differential amplifier, two-stage OTA, volt-

age comparator, and low-noise amplifier have been modeled with 99.5%, 95%, 99.7%,

and 95.1% accuracy, respectively.

Table 5.6: Summarizing of model-based synthesis results with quality scores.

GD[l] IGD[l] SP[{]  A[l] MS[t] DHR[T]
Differential Amplifier 1.85e-3 1.88e-3 4.37e-3 0.3897 0.9335  0.995
Two-stage OTA 2.17e-3 2.08e-3 7.77e-3  0.6897 0.9971 0.95
Voltage Comparator  1.35e-3 3.21e-3 8.72¢-3  0.4324 09152  0.997
Low-Noise Amplifier 4.35e¢-3 2.27e-3 14.34e-3 0.7283 0.9857  0.951
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6. HIERARCHICAL SYNTHESIS EXAMPLES

As it is known, most consumer electronics products today require system-level design
of integrated circuits, which is the combination of analog or digital sub-blocks. The
increase in demand for consumer electronics has brought the need to design more com-
plex systems in a shorter time. At this point, hierarchical design automation emerges
as a method that can overcome the time and complexity bottleneck. Two basic ap-
proaches are generally used to perform the hierarchical design of an analog/RF system:
Bottom-up and top-down design approaches. The designer chooses which method to

use according to the system requirements.

The bottom-up hierarchical design process was developed by dividing a system into
sub-blocks that can be easily designed and make sense when combined. First, The sub-
blocks that make up the parts of the system are determined. To meet the performance
criterias of the system, certain design constraints are determined for each sub-block
circuit, and appropriate circuit topologies are selected according to these constraints.
Circuits designed at the lower level are combined to obtain blocks at the upper level.
The new block created at the top level will be the building block of the next level.
This process continues until it reaches the system level. The biggest difficulty of this
method, which is generally preferred by designers, is the need to reconstruct the de-
sign at the lower level if even one of the design requirements at the upper level is not
met. The designer may need many iterations to complete the system-level (top-level)
design. When evaluated from this perspective, the bottom-up hierarchical design flow

is a challenging and quite time-consuming process.

On the other hand, the top-down hierarchical design method can also be used to design
a system. To reduce the time and effort in the bottom-up hierarchical design method,
designers use circuit/block models at the upper levels. As can be seen from the figure,
each circuit model is reevaluated at lower levels. This re-evaluation process is essential
in the top-down design process because behavioral languages such as Verilog-A/AMS,
VHDL-AMS, or System-Verilog, or simulation environments such as Matlab, used to

model the upper levels, are difficult to model highly nonlinear circuits. Creating a
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high-accuracy behavioral model at the system level can be also very time-consuming

and requires serious effort.

In both hierarchical design methods, it is not possible to scan the entire possible de-
sign space by exerting manual effort. On the other hand, synthesizing the system-
level design with the help of an optimization tool is far from practical. In this context,
PoFs created for the lowest level can be used to perform space scanning at the system
level. PoFs obtained by simulation-based optimization for lower-level circuits are com-
bined through upper-level mathematical expressions. Thus, for an analog/RF system,
space exploration occurs within seconds. To test the developed method, two different

equation-based hierarchical synthesis examples are presented in this chapter.

6.1. Hierarchical Synthesis of Multi-Stage Wide-Band Ampli-

fier

The authors in [68] have proposed a hierarchical synthesis approach for cascaded wide-
band amplifiers. The proposed approach is shown in Figure 6.1 which also can be
employed for three or more stage amplifiers. Firstly, a single-stage fully differential
amplifier (SSFDA) has been optimized via a MOO tool to obtain PoF to utilize hierar-
chical synthesis. Once obtained PoF of SSFDA has been used to construct the cascaded
two-stage amplifier through hierarchical synthesis methodology. To obtain PoF for the
two-stage amplifier, the cross product of PoFs was performed, in which individuals se-
lected from one front were combined with all points from the other front. The process
was continued until there were no individuals left to perform the combination in the first
PoF. To construct PoF for the two-stage amplifier, only the non-dominated solutions
were selected from all candidates which formed from the result as a hierarchical com-
bination. The same procedure was applied to perform three-stage amplifier synthesis,
where the first and second stages were considered as a single amplifier. All combi-
nation operations performed in hierarchical synthesis are supported by mathematical

equations. More information about this method can be found in [68].

59



1 w,, TOP

J—L‘—L H Am"'_N E j ) 508 B

b %
%
Yout(-) Youtt) Q’

L 4

Lﬁ/ . et Y,
— il

S i %
34B Bandwidth

Gain
\ -~ - L BOTTOM

i

etk

A

/

3B Bandwidth
N~

348 Bantwitth

Figure 6.1: General framework of the hierarchical approach proposed in [68].

The intermediate frequency amplifier (IFA) which is a building block of super-heterodyne
receiver circuit has been considered the first hierarchical synthesis example. The [FA
amplifier is formed by three cascaded amplifiers. To achieve the best possible solutions
in the design space of IFA, a single-stage fully differential amplifier whose schematic is
given in Figure 6.2 has been synthesized with hierarchical synthesis methodology. Al-
though the topology seems similar to the active-loaded differential amplifier topology,
the output resistance is quite low compared to the output resistance of the active-loaded
amplifier as both load transistors are in the diode connection. Low output impedance
offers high bandwidth at the expense of gain. Since the circuit operates with a single
supply voltage, the input transistors were externally biased to operate in the appropriate
region. The power constraint has been introduced to ensure that the power consump-
tion of the circuit is lower than a certain level. Considering a multistage amplifier, the
input transistors of each stage are biased with the DC voltage at the output nodes of
the previous circuit. Therefore, a certain range was defined as a constraint on the DC
voltage level of the circuit’s output nodes. The design constraints, parameters, and ob-
jectives determined for the fully differential single-stage amplifier circuit are listed in

Table 6.1.
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Table 6.1: Design parameters and objectives for SSFDA.

Bounds L[um] W[um] R[Q] V,[V] Objectives: M=2 Cosntraints: K=2
Lower 0.13 0.65 100 0.5 Gain Bandwidth Gain  Power

Upper 1.3 100 15k 0.7 Max. Max. >3dB  <10mW
VDP VD/D
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Figure 6.2: Schematic of single stage fully differential amplifier.

The single-stage circuit has been optimized for 200 generations with 100 individuals,
where HSPICE was the performance estimator. The resultant PoF is shown in Fig-
ure 6.3. The synthesis result shows that the circuit is useful for applications that require
high bandwidth. In addition, high gain and high bandwidth can be achieved at the same

time with cascading of single-stage circuits.
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Figure 6.3: Obtained PoF of SSFDA.

The voltage gain and bandwidth can be easily calculated by Equation 6.1 and Equa-
tion 6.2, respectively, to estimate the performance of the cascaded amplifier. However,
the bandwidth equation is not enough alone to model circuit behavior properly. Thus,

the load effects of the previous stages must be taken into account.

Av,total<v/v) - Avl-AUQ-Av?)----AUn (61)

1

J3dBtotat = e (6.2)

fE+12+f3..12

To perform two-stage cascaded amplifier synthesis, the bandwidth of the first stage
was estimated using the load model whereas, measured bandwidths in the PoF were
directly utilized for the second stage because the load of the cascaded systems is the
load capacitance of the synthesized single-stage circuit. Both self-capacitances of the

first and second stages which are denoted by C',,; and C,,, respectively, are elements
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of the load model. The capacitance value at the output of the first stage can be esti-
mated by Equation 6.3 and, Equation 6.4 which consist of transistor capacitances can

be calculated by Equation 6.5, Equation 6.7, and Equation 6.6.

Cint = C(alb,n + C’db,p + Cgs,n (63)
Cert = Cgs,p + (1 + Av)ng,n (64)
2
Cps = sW.LCos 6.5)
Ca = W.Cyuo (6.6)
AD.C'J PD.CJSW

Cap = Vo \MJ Vbp \MJSW (6.7)

(1+35%) 1+ 5557)

In the following step, output resistance was calculated from the PoF of the single-stage
amplifier by Equation 6.8, where a known load (C7) is used in the generation of the PoF.

Finally, the new bandwidth value of the first stage was calculated using Equation 6.9.

1
o — 6.8
o 27TfCL ( )
f- 1 (6.9)
B 27TRO(Oin + Ce:ct) .

Since a total of 100x100=10000 individuals were obtained by combining two PoFs,
only non-dominated solutions were selected to obtain PoF for the two-stage cascaded
amplifier. Also, obtained 10000 individuals through the hierarchical synthesis approach
was simulated via HSPICE to observe the accuracy of the analytical modeling. The ob-
tained PoFs for the cascaded two-stage amplifier are shown in Figure 6.4. It can be

said that the constructed hierarchical model achieved true PoF in a few seconds.
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Figure 6.4: Obtained PoFs for two-stage cascaded amplifier.

To obtain the three-stage cascade amplifier, a single-stage amplifier in Figure 6.2 was
connected to the hierarchical model of the two-stage amplifier. An illustration of the
three-stage cascade amplifier model is given in Figure 6.5, where the first and second
stages are considered as a single block which PoF obtained previously. The flow used
to estimate the PoF for the three-stage circuit is the same as the method applied for the
hierarchical synthesis of the two-stage cascaded amplifier. It is worth mentioning that
the occurred self capacitances of the second amplifier introduce internal capacitance

(Cint)- Input self-capacitances of the last stage constitute external capacitance (Ce,y).
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+ . |
=
\“/

Figure 6.5: Load modeling representation for the three-stage amplifier.
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The obtained PoF for the three-stage cascaded amplifier through the hierarchical synthe-
sis method is given in Figure 6.6. The obtained PoF was compared with the PoF created
with the simulation-based approach. The accuracy of the mathematical modeling-based

hierarchical synthesis method has also been proven for the three-stage amplifier.
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Figure 6.6: Obtained PoFs for three-stage cascaded amplifier.

On the other hand, how to do the design in given system-level constraints is another
issue. To examine this situation, a certain power consumption limit has been introduced
to two- and three-stage cascaded amplifier circuits driving different loads. In manual
design, the designer divides the introduced power consumption limit among the stages
of the amplifier according to the designer’s own experience. However, iterations to
test whether the total system reaches its best performance through manual design are
quite tedious and impractical. In this context, hierarchical optimization ensures that the
best possible solutions are found under the specified system constraint. Pareto-optimal
fronts of a single-stage amplifier circuit driving different loads and having different

power constraints are given in Figure 6.7.
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Figure 6.7: Obtained PoFs under different power constraints of the SSFDA.



35

. *  051.5mwW
- v 08-1.2mw
* ¢ L1mw
30 * % 1.2-0.8mW
% " L5-0.5mw
[ ]
]
25 5
]
]
[
xm
—_ .
5 20 LY
2 .
c
]
o
15
0 "
"&xsﬁk
5
‘n.*”
M~
% e
0.0 0.2 0.4 0.6 0.8 1.0 1.2
3dB-BW (Hz) 1e9
(a) 0.2pF
35 4
e 0.5-1.5mW
\ v 0.81l2mw
L ] -
304 b e 1mw
‘ % 1.2-0.8mwW
s 15-0.5mwW
Y
25 H
S 20
z
c %
=
S 15 4 e
"'w
N
10 Yoy
v
v 'V"~~'w
5 oo
Y Yrvey
x Y v ovvy
2 3 4 5 6 7
3dB-BW (Hz) les
357 s 0515mwW
\ v 0.8l2mw
\ & 11mw
30 1 -'. x  12-0.8mW
= 15-0.5mwW
%
254 \\
3 20 "Qv
B )
=
H
o
15
10 ""\.
Al
5‘,"‘
N M"‘y
‘u-..--
o 1 2 3 a

3dB-BW (Hz) le8

(¢) IpF

Figure 6.8: Obtained PoFs through hierarchical synthesis of cascaded amplifier.
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After obtaining PoFs for different power constraints, the two-stage cascaded ampli-
fier was combined hierarchically using the analytical model. The nuance here is that
Pareto-optimal solutions of circuits with different power consumption constraints are
combined. With a total power consumption constraint of 2mW, for example, individu-
als with a power consumption constraint of 0.5mW and individuals with a power con-
sumption of 1.5mW were combined using the same methods as before, and the newly
obtained individual set was named as the solutions obtained with the combination of
0.5-1.5mW. In this context, the effectiveness of power combinations for different loads
was examined. The obtained PoFs via hierarchical synthesis approach are shown in
Figure 6.8. To achieve high gain for all three cases, the power consumption of the
second amplifier driving the load is low. On the other side, high power consumption
of the second stage might be needed to obtain high bandwidth. As the load increases
slightly, high gain can still be achieved with the 1.5\mW-0.5mW combination, while
high bandwidth can be achieved by the second stage consuming more power rather
than the combination of identical circuits. For the case where the two-stage broadband
amplifier drives a 0.5pF load, the combination of 0.8-1.2mW power consumption is
quite dominant. In case the load driven by the circuit increased by 5 times (1pF), the

circuits were selected which were constrained with 1.5mW.

Pareto optimal fronts were obtained with different power combinations for the three-
stage cascaded amplifier. In this example, the total power consumption constraint was
determined as 3mW. The obtained PoFs of the amplifier for different capacitive loads
are given in Figure 6.9. It is easily seen that as the load increases, the power consump-

tion of the last stage increases to achieve high bandwidth.

As a result, while designing at the system level, a high-accuracy model was used to
combine the lower-level circuits, and the IFA block was designed by means of this
model without any simulation. In addition, it has been shown that the obtained model
works under varying power consumption and load capacity constraints, and sub-circuit
design preferences have been examined according to the constraints given at the upper

level.
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Figure 6.9: Obtained PoFs through hierarchical synthesis for three-stage amplifier.
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6.2. Hierarchical Synthesis of Voltage Comparator

The comparator circuit, which is the most important analog block of analog-to-digital
converters (ADC) used in almost all circuits containing most electronic equipment, of-
ten requires a pre-amplifier at its input. It is a known fact that there is an improvement
in delay performance when the voltage comparator circuit is used with a pre-amplifier.
However, the pre-amplifier is generally designed with a gain of 5-10 (V/V). The com-
parator circuit was modeled mathematically at the systemic level to determine the rela-
tionship between the voltage gain of the amplifier and the speed of the comparator to
prevent unnecessary resource usage. Pre-amplifier and comparator blocks have been
optimized to perform hierarchical synthesis. The voltage comparator, which was pre-
sented in the previous sections as the first sub-block and whose scheme is given in
Figure 4.8, has been synthesized using the simulation-based MOO tool. The transis-
tor provides current to the input of the circuit is biased by 0.1V constant voltage. The
transistor dimensions of the inverter, which forms the output stage of the circuit are
determined by the designer, and they are not changed by the algorithm during the op-
timization process. Also, all transistor lengths have kept in same value, except for
inverter transistors, to facilitate convergence. An amplitude of 0.2V PWL signal was
applied to the positive input to evaluate the speed performance of the circuit. All design

parameters of the voltage comparator are listed in Table 6.2.

Table 6.2: Design space of the voltage comparator.

Wonin | Winaa 0.16pum / 80pm
Loin ! Linas 0.13pum/ 1.3um
Vin I Viey PWL (On -0.1 50n 0.1) / OV
Vbias 0.1V
Vpp I Vss +0.9V/-0.9V
Cr 0.2pF
Wit [ Wia 30pum / 8um
Li1 /1 Ly 0.13pum / 0.13pum
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The circuit has been synthesized to achieve the best solutions in the trade-off between
power consumption and time delay, which were also determined as design constraints.
The obtained pareto solutions through MOO with different power constraints are scat-

tered in the same plot. The resultant PoFs for the voltage comparator, when the load is

0.2pF, are shown in Figure 6.10.
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Figure 6.10: Obtained PoF for voltage comparator with different power constraints.

Table 6.3: Design parameters and constraints for resistive load amplifier.

Desicion Space Design Constraints
Winin ! Wiae — 0.65um / 157.5um Power <0.5mW, ImW, 1.5 mW
Loin ! Limaz 0.13um/ 1.3pum Gain >3dB
Ry min | Rbmaz 50/20k$2 DC@Vout 0<Vout<50mV
Ry min ! RLmax 100/25kS2

A resistive load amplifier, whose schematic is shown in Figure 6.11, was chosen as
the pre-amplifier to be used in front of the voltage comparator. The circuit is biased
by a symmetrical supply voltage of 0.6V and it drives 0.2pF. The three optimizations
have been carried out under different power consumption constraints. The optimization

parameters of the pre-amplifier are listed in Table 6.3.
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Figure 6.11: Schematic of the resistive load differential amplifier.

The circuit has been synthesized for 300 generation with 100 individuals. The resul-

tant PoFs obtained through optimization for different power consumption is shown in

Figure 6.12.
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Figure 6.12: Resultant PoFs for resistive load amplifier optimization.
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The pre-amplifier effect on voltage comparator performance has been examined via
the hierarchical synthesis approach, whose general framework is given in Figure 6.13.
The synthesis flow is the same as the proposed hierarchical approach for cascaded am-
plifier. The resultant PoFs of both sub-blocks are combined by cross-product, and non-
dominated solutions which are selected from the entire solution pool, create system-
level PoF. Circuit simulation is utilized to measure some performance values such as
drain-to-bulk voltage, and trans-conductance of input transistor, which are not consid-

ered in the optimization loop, they are just necessary to perform analytical analysis.

Pre-Amplifier POF Comparator POF

CROSS - PRODUCT

MATHEMATICAL MODEL +

Final POF

Figure 6.13: General framework of the hierarchical synthesis approach for comparator.

Before explaining the analytical modeling approach, it would be useful to make the
necessary explanations for notation. Considering the synthesized comparator circuit, it
can be seen that the latch comparator circuit is driven by an inverter that drives a load.
As seen in the performance graph example in Figure 6.14, the latch output changes its

state as a result of a small change in the input voltage (AV;). On the other hand, the
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change in the latch output causes a state change in the comparator output. Here, the in-
verter’s delay along with the latch’s delay must be added to the comparator’s delay. In
the notation used in the following equations, tp ;,,, refers to the inverter delay, tp jaicn

refers to the latch delay, and ¢p com,, refers to the total delay of the comparator.
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Figure 6.14: Delays of the synthesized voltage comparator.
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Figure 6.15: Representation of load model for the comparator with pre - amplifier.

An illustration of the combination of pre-amplifier and voltage comparator is shown

in Figure 6.15, where the load model consists of a bunch of analytical equations. The
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time delay of a single-pole circuit can be expressed as in Equation 6.10, where Vpp
is the supply voltage, AV is the minimum input voltage difference required for state
change at the latch output, and 7., is the time constant of the circuit. Since all values
except the time constant are known in this equation, the equation can be rearranged as

in Equation 6.11 to find the time constant.

2V,
tD,latch = Tcomp) In (A—I‘)/D) (610)
tD latch
Teomp = T o< 6.11

As the input resolution of the comparator is increased by the gain of the pre-amplifier,
latch delay is expected to decrease which also can be interpreted with the help of Equa-
tion 6.12. Also, the inverter delay is added to the new delay of the comparator block
by Equation 6.13, to estimate the total delay of the comparator in the presence of the

pre-amplifier.

QVDD
UD,latchnew = Teom An 6.12
D,latch, D (AV;‘.Amamp) ( )
tD,comp,new - tD,latch,new + tD,im;,comp (613)

As a quick prediction, the way to achieve the best speed performance is to constantly
increase the voltage gain of the pre-amplifier. However, it is not healthy to make such
an inference only by considering Equation 6.12. Because, as seen in Equation 6.14, the
time delay of the pre-amplifier is added to the time delay of the total system. Addition-
ally, the total power consumption is calculated by summing the power consumption of

two separate blocks like in Equation 6.15.

tD,tot - 75D,amp + tD,comp,new (614)

POWET 1o = POWET gynypy + POWET comyp (6.15)
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Figure 6.16: Obtained PoFs through the hierarchical synthesis of the comparator.
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To conclude mathematical modeling, one step remains which is determining of ampli-
fier delay. To perform delay calculation for amplifier a time constant is needed. The
time constant of the pre-amplifier is expressed with Equation 6.16, where K is a con-
stant used to improve the accuracy of amplifier delay estimation, R,y qmp 15 the output
resistance of amplifier calculated by Equation 6.17, Cior amyp 1s the self-capacitance at
the output node of amplifier estimated via Equation 6.18, and C},; com, refers to the

total capacitance at the input of comparator that can be calculated by Equation 6.19.

tD.amp = K Rout.amp-(Crot.amp + Crot.comp) (6.16)
Rout.amp = To1//RL (6.17)

Chot,amp = Cabp (6.18)

Cidheomp = Clem + Caft (6.19)

The PoFs of the hierarchical design are given in Figure 6.16. To obtain PoF for the
system block, non-dominant solutions are selected from all solutions formed by cross-
multiplication in the design space. The accuracy of the model was evaluated through
the comparison of PoFs obtained via simulation and model. As seen from the figures,

the solution set formed by the mathematical model successfully captures the true PoF.

The effect of the voltage gain of the pre-amplifier circuit on the comparator delay can
be seen in Figure 6.17. It is understood that the pre-amplifier gain does not need to
be as large as possible to increase the speed performance of the voltage comparator. In
fact, it is noteworthy that the amplifier uses low-gain individuals in the Pareto optimal
set to achieve low delay at the system level. It is thought that two things may cause
this situation. Firstly, the high output resistance of high-gain amplifiers increases the
amplifier delay. Secondly, some difficulties in the comparator test bench may prevent

precise measurements and predictions.
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Figure 6.17: Gain distribution of preamplifier in obtained PoFs.
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7. CONCLUSION AND FUTURE WORK

The idea behind the automation of analog/RF integrated circuits dates back several
decades. Many Electronic Design Automation (EDA) tools have been developed over
the years to automate all stages from design to deployment of integrated circuits. The
first developed tools that automatically design circuits of limited complexity. After
the first automation attempts, the most important development can be said the use of
highly effective automation algorithms in analog/RF optimization problems. Thanks to
effective optimization algorithms, development has moved towards circuit simulation-
based optimization to increase accuracy. Although the success of simulation-based
optimization methods has been proven, the search for methods to solve more complex
circuits has continued. As aresult of the creation of more stable circuit models and well-
established automation methods, the optimization of quite complex analog/RF building
blocks has been successfully achieved. Recently, thanks to powerful computing, ma-
chine learning methods are frequently used in the synthesis of analog/RF circuits. De-
spite all of these developments, the Analog/Rf IC automation problem has not yet been
fully solved. Developers continue to try to balance the trade-off between effectiveness

and efficiency.

Although analog/RF design automation takes part in many phases from design to pro-
duction, it can generally be examined under two major headings; circuit sizing and lay-
out generation. In circuit sizing optimization, the circuit is designed at the schematic
level through an automation tool. On the other side, automation of layout generation
deals with different problems with layout considerations such as floor planning, rout-
ing, and placement. This thesis focuses on circuit sizing automation via the developed
multi-objective optimization tool to synthesize important analog/RF building blocks.
To accelerate the automation process, artificial neural network models for estimating
the behavior of building blocks have been developed. Additionally, some approaches
are presented to enable the developed tool to gain the ability to perform design automa-

tion at the hierarchical level.
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The analog/RF sizing problem has been fully automated thanks to the developed tools
presented in the literature. However, most of the studies presented evaluate the effec-
tiveness of the tool they developed with only a few case study examples. For this reason,
a clear conclusion cannot be reached regarding the capacity of the developed tools to
solve any complex and tight-constrained sizing problem. To palliate this problem, a
tool has been developed which is capable to design of different analog/RF building
blocks, automatically. The main analog/RF sub-blocks have been synthesized through
this developed tool, where NSGA-II, a genetic algorithm, searches for optimal solu-
tions. Obtained synthesis results have shown that circuit sizing has been accomplished

via this tool, even if the circuit is highly nonlinear.

After the effectiveness of the automation tool has been proved, the developed simulation-
based tool was modified to perform model-based optimization with the help of ANN
models. The presented modeling and training data generation methods have increased
the effectiveness of circuit models and helped the synthesis process become more effi-
cient. Especially, by modeling highly complex circuits, complex systems/circuits can

be optimized within practical time limits.

Circuits synthesized through simulation-based optimization were combined at a higher
level with the help of mathematical equations to obtain system-level designs.The effec-
tiveness of the proposed hierarchical optimization approach has been proven through
simulations. Thus, it is thought that the way has been paved for the hierarchical opti-

mization of complex analog/RF integrated circuits.

In summary, this thesis has three main titles; an optimization tool to solve multi/many-
objective analog/RF optimization problem, modification of tool to accelerate optimiza-
tion process, and hierarchical synthesis approach to synthesize analog circuits at the
system level. As seen from this outline, it is aimed to effectively perform the hier-
archical synthesis of complex analog/RF circuits. Therefore, as a first future work, a
hierarchical synthesis tool should be strengthened to perform fully automated hierarchi-
cal synthesis. Circuit models may be created by the ML-based tool to represent each
sub-block to realize bottom-up hierarchical synthesis. To reach a higher block hierar-

chically, sub-block models may be utilized to create the upper block with the help of
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a hardware description language such as Verilog-A, Verilog-AMS. At the next level,
the performance of the obtained solutions for the upper-level block may be evaluated
with the help of SPICE and the upper-level system can be modeled with all the data
obtained. By continuing this loop until it reaches the highest level, the system-level

synthesis may be carried out efficiently with little simulation effort.

As a second future work, a top-down hierarchical synthesis tool needs to be devel-
oped. Synthesis may start from the top level where system requirements are defined
and continue down to lower levels with the help of hardware description languages. In
top-down hierarchical optimization, it is very important to effectively perform circuit
modeling with hardware description languages. To achieve this, two layers connected
to each other in the hierarchy might be modeled via ANN, so that the relationship be-
tween layers can be predicted accurately. It is worth noting that although this method is
effortless in terms of simulation, the hardware description languages may not be enough
to perform highly accurate modeling. So the need to use an ANN model between two
layers may appear in the process, and the hierarchical synthesis process may require

serious effort in the modeling phase.

Finally, as the third and last future work, the whole hierarchical synthesis may be carried
out by a constructed ANN model. It should not be forgotten here that a large data set
may be needed to model the behavior of the entire system. Since the performances of
the system-level circuit will be measured through simulation to create the dataset, as an
outcome a serious simulation effort might be required. However, as the system-level
model was created once, the same system can be easily synthesized with different sub-
blocks in different topologies using hardware description languages without the need

for any simulation.
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