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Abstract — This work addresses the research and development 

(R&D) of an innovative optimization kernel applied to analog 

integrated circuit (IC) design. Particularly, this work focus is 

AIDA-CMK, by enhancing AIDA-C with a new multi-objective 

multi-constraint optimization kernel. AIDA-C is the circuit 

optimizer component of AIDA, an electronic design automation 

framework fully developed in-house. The proposed solution 

implements three approaches to multi-objective multi-

constraint optimization, namely, an evolutionary approach 

with NSGAII, a swarm intelligence approach with MOPSO 

and stochastic hill climbing approach with MOSA. Moreover, 

the implemented kernels allow an easy hybridization between 

them transforming a simple NSGAII optimization kernel to a 

more evolved and versatile multi algorithm and hybrid kernel. 

The three multi-objective optimization approaches were 

validated with CEC2009 benchmarks to constrained multi-

objective optimization and tested with real analog IC design 

problems. The achieved results were compared in terms of 

performance, using statistical results obtained from multiple 

independent runs, finally, some hybrid approaches were also 

experimented, giving a foretaste to a wide range of 

opportunities to explore in future work. 

Keywords: Analog Integrated Circuit Design, AIDA Tool, 

Electronic Design Automation, Multi-Objective Multi-Constraint 

Optimization, NSGA-II, MOPSO, MOSA 

1 INTRODUCTION 

Today’s electronic systems are supported by complex 
multimillion transistor integrated circuits (IC), whose 
complexity is only possible because the designers are 
assisted by computer aided design (CAD) tools that support 
the design process. Most of the functions in such devices are 
implemented using digital or digital signal processing 
circuitry, some functions still remain analog and are 
integrated together with the digital part for cost efficiency, 
leading to mixed-signal systems-on-chip (SoC) designs. 

Despite the relatively small part of the IC that is 
populated with analog blocks, the effort, time and cost put 
on their design is notoriously more when compared with the 
design effort in the digital part of the IC, illustrated in Figure 
1. Given the giant growth of analog mixed signal (AMS) 
systems, pressed by the need of electronic products, which 
are energy efficient, affordable, reliable, and developed 
under very strict time-to-market constraints, the 
development and improvement of CAD tools that increase 
analog designers’ productivity and the quality of the 
resulting designs is an urgent need [1, 2]. 

 

Figure 1. Digital versus Analog design reality [3]. 

This is the scenario where AIDA Framework [4] appears as 
an EDA tool, more details about the AIDA project can be 
found in www.aidasoft.com. This work focus is AIDA-
CMK that targets the sizing of the devices in analog circuits 
using state-of-the-art and innovative multi-objective 
optimization (MOO) techniques, by enhancing AIDA-C 
with a new abstraction layer that permits the easy inclusion 
of new multi-objective multi-constraint optimization 
techniques aside the NSGA-II that was originally supported. 
Taking advantage of the new abstraction layer, the MOO 
kernels, NSGA-II, MOPSO, MOSA and the two multiple 
kernel hybridization are included in AIDA-CMK. 

This paper is organized as follows. In section 2, an 
overview of the related work in automatic analog IC 
synthesis is presented. Section 3 introduces the AIDA 
framework and the MOO kernels implemented in AIDA-
CMK. Then, in section 4 the methodology is illustrated with 
three case studies, and, finally, in section 5, the conclusions 
are shown. 

2 RELATED WORK 

In the last 25 years, the scientific community proposed many 
approaches [1, 2] for analog integrated circuit sizing. In this 
section those approaches are briefly surveyed. The existing 
approaches can be categorized into knowledge-based or 
optimization based approaches. The knowledge-based 
approach [5, 6, 7] consists of implementing a design plan 
derived from expert knowledge. The main advantage of this 
approach is the short execution time. But deriving the design 
plan is hard and time-consuming, the design plan requires 
constant maintenance in order to keep it up to date with 
technological evolution, and the results are not optimal, 
suitable only as a first-cut-design. The optimization-based 
approach applies optimization techniques to analog IC 
sizing, and based on how the circuit performance is 



evaluated they can be further classified into two main 
subclasses: equation-based or simulation-based.  

The equation-based methods [8, 9, 10] use analytic 
design equations to relate the circuit’s performance figures 
to the design variables. Different optimization techniques 
are used both deterministic and stochastic. Taking advantage 
of knowing the equations and their properties allows the use 
of the classical optimization methods. The equation-based 
methods’ strong point is the short evaluation time, making 
them, like the knowledge-based approaches, extremely 
suited to derive first-cut designs. The main drawback is that, 
despite the advances in symbolic analysis, not all design 
characteristics can be easily captured by analytic equations 
making the generalization of the method to different circuits 
difficult, in addition, the approximations introduced in the 
equations yield low accuracy designs especially for complex 
circuits, requiring additional work to ensure that the circuit 
really meet the specifications. 

The simulation-based methods [3, 11, 12, 13, 14, 15, 16, 
17, 18, 19] consider an electrical circuit simulator, like 
SPICE [20] as the evaluation method, as illustrated in Figure 
2. Despite being a more time consuming approach during 
the evaluation process, this approach strongly benefits from 
a reduced setup time and a higher accuracy, which, 
nowadays, makes it the most successfully and adopted 
solution. Moreover, from the study of analog circuit sizing 
and optimization approaches proposed by the scientific 
community, recently, it is clear that there is no specific trend 
to the use of a single algorithm, but many have been 
proposed.  
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Figure 2. Automatic Optimization-Based Circuit Sizing using simulator 

In this context special relevance is to be given, in this work, 
to the use and evaluation of different multi-objective 
algorithms. From a brief perusal of the multi-objectives 
implementations the ideas like non-sorted domination or 
crowding distance presented in NSGA-II [21] are reused by 
several other methods, as that the advantages of the 
inclusion of NSGAII in the framework are clear. Given the 
usage of SA, some sort of multi-objective SA should also be 
considered. In terms of the swarm intelligence algorithms, 
both ACO and PSO have been applied to circuit sizing. 
Because of MOPSO is already found in the literature and the 
unnatural application to real valued problems of the path 
finding ideas of the ACO, MOPSO will be considered. 

3 AIDA-CMK: AIDA-C WITH MOO FRAMEWORK  

This section explains the circuit optimization tool AIDA-C 
and the changes proposed in this work to enhance the tool 
with multiple MOO algorithms, leading to AIDA-CMK. 

AIDA-C stems from GENOM-POF [22] and is part of 
the AIDA [4] design automation framework illustrated in 
Figure 3, which implements the complete analog IC design 
flow from device sizing to layout. AIDA-C perform the 
analog circuit sizing and optimization part of the flow, 
addressing robust design requirements by considering 
extreme process, voltage and temperature (PVT) corner 
conditions together with the use of the industrial grade 
circuit simulators, HSPICE® [23] and ELDO® [24], for 
accurate circuit’s performance evaluation. AIDA-C can also 
use AIDA-L’s floorplanner to add geometrical layout 
measures (e.g. total area, device area, aspect ratio, etc.) to 
the set of circuit’s performance figures to be considered 
during optimization. Finally, the layout generator AIDA-L, 
previously known as LAYGEN-II [25], inputs the device 
sizes and floorplan template and generates the 
corresponding layout by placing and routing all the devices, 
completing the design flow. A final validation step is done 
using the physical verification tool CALIBRE® [26]. 
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Figure 3. AIDA framework 

The new tool AIDA-CMK after the initial implementation of 
the optimization kernel framework is shown in Figure 4, 
including the MOO kernels, NSGA-II, MOPSO, and 
MOSA. Additionally, the implementations share a common 
interface with AIDA-CMK and between themselves easing 
the intermingling of tentative solutions between technics in 
order to, not only use the different approaches by 
themselves, but also ease the hybridization. To explore this 
feature a Hybrid method that combines the previously 
referred optimization kernels is also implemented. 

AIDA-CMK is defined, taking into consideration that the 
circuit sizing is implemented as a multi-objective multi-
constraint optimization problem defined as (1) where, x is a 
vector of N optimization variables,𝑔𝑗(𝑥) one of the J 

constraints and 𝑓𝑚(𝑥) one of the M objective functions. 
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The definition in (1) is used in to create an abstraction layer 
between the optimization method and the circuit being 
optimized where the evaluation of the circuit performance is 
done using the circuit simulator. 



Given the multi-objective nature of the sizing method, 
the output is not one solution but a set of solutions all 
compliant with the design specifications. The optimizer’s 
output is a set of Pareto non-dominated solutions or Pareto 
front. Pareto dominance states that one point in the solution 
space, 𝐴, is not dominated by another point 𝐵, if 
∃𝑚: 𝑓𝑚(𝐴) < 𝑓𝑚(𝐵).  

The method to map circuit the sizing design problem 
into the multi objective optimization problem as defined in 
(1) is described next, and the more detail on the optimization 
kernels considered in this implementation afterwards. 

3.1 Circuit sizing as MOO problem 

In this section, the procedure used to convert the analog IC 
designer inputs to the problem formulation shown in 
equation (1) is described. The multi-objective optimization, 
as defined in (1) is applicable to mathematical functions, to 
apply it to the circuit sizing problem, the inputs from the 
designer, which are not provided as the tuple {x, f, g}, need 
to be properly mapped. The simple differential amplifier 
from Figure 5 will be used to illustrate the procedure, where 
Table 1, Table 2, Table 3 and Table 4 show the circuit 
parameters, design objectives and target specifications 
respectively.  
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Figure 5. Differential amplifier 

Table 1. Parameters ranges for the differential amplifier. 

Var. W1 W2 L1 L2 Ib 

Max. 400.0e-6 400.0e-6 15.0e-6 15.0e-6 500.0e-6 

Min. 1.0e-6 1.0e-6 0.35e-6 0.35e-6 100.0e-6 

Table 2. Objectives for the example in differential amplifier. 

Performance Target Units Description 

A0 Maximize dB Gain DC 

Gbw Maximize MHz Unit-gain frequency 

Table 3. Design specifications for the example in differential amplifier. 

Performance Target Units Description 

Gbw ≥ 35 MHz Unit-gain frequency 
Pm 65 ≤ pm ≤ 90 Degree Phase margin 

vov_m1 vov_m2 50 ≤ vov_m1 ≤ 200 mV Vgs –Vt 

vov_m3 vov_m4 100 ≤ vov_m3 ≤ 300 mV Vgs –Vt 
delta_m1,m2,m3,m4 ≥ 50 mV Vds – Vdsat 

 
The design objectives being minimized are used directly as 
one of the 𝑓𝑚(𝑥), and the ones being maximized are 
multiplied by -1. The design constraints are normalized and 
multiplied by -1, if necessary, according to (2), where, 𝑝𝑖  is 
the measured circuit characteristic, and 𝑃𝑖  is the 
correspondent acceptable limit. The circuit parameters are 
used as ranged design variables and define the search space. 

 

 


































                 is constraint when the

0 and  is constraint when the

0 and  is constraint when the

                  is constraint when the

 maximazingwhen 

 minimizingwhen 

ii

i

ii

iiii

iiii

ii

i

ii

i

m

m

m

m
m

Pp
P

pP

PPpp

PPpp

Pp
P

Pp

xg

p

p

p

p
xf

 (2) 

Table 4 illustrates the objective and constraint functions for 
the differential amplifier circuit in Figure 5.  

Table 4.  𝒇𝒎(𝒙) and 𝒈𝒋(𝒙) for the differential amplifier example. 
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Figure 4. AIDA-CMK Optimization Algorithms 



With this interface, the definition of a general interface 
based on the standard definition of the optimization problem 
would be simple, there is however a secondary requirement 
that is the AIDA-L’s detailed routing which is an innovative 
optimization based, where all the wires in the layout are 
evolved simultaneously. While the study of circuit layout is 
out of the scope of this thesis, the problem definition within 
the developed framework should be general enough to 
accommodate the complex representation of the genome in 
the detailed router. 

Another important feature is the possibility to define 
elements to be used as starting point, as it permits sequential 
execution of multiple optimization tasks. Two important 
uses of this feature is to execute an optimization where the 
evaluation is done considering only nominal conditions and 
use the output of that optimization task as starting point of 
another that considers the corner cases, another is to execute 
an initial optimization using algorithms suited for 
exploration like the GAs and then execute an optimizations 
using algorithms that are more efficient exploiting the local 
minima like SAs. 

The MOO kernels that are implemented in AIDA-CMK: 
NSGA-II, MOPSO, MOSA and Hybrid are described next. 

3.2 NSGA-II 

The NSGA-II [21] kernel is an evolutionary optimization 
scheme, whose pseudo code is shown in algorithm 1. The 
NSGA-II uses Pareto dominance concepts to sort the multi-
objective solutions. 

Algorithm 1. NSGA II for population size P and number of generations G 

1 parents = P new random solutions 

2 generation = 0 

3 while generation < G 

4   offspring = apply-operators(parents) //Mutation and 
Crossover 

5   evaluate(offspring) 

6   non-dominated-sorting(parents + offspring) 

7   parents = crowding-distance-selection(parents + 
offspring) 

8   generation++ 

9 return parents 

The Pareto dominance is implemented by means of ranking 
solutions using non-dominated sorting way and crowding 
distance criterion as a tie breaker for solutions with the same 
rank described in [21] is used. To solve ties between 
elements of the same rank, the crowding distance criterion is 
used. The crowding distance is as estimate of the density of 
elements. Each element with the same rank is assigned a 
value that related to the distance to the closer elements. 
Figure 6 illustrates the four ranking fronts and the crowding 
distance of the solution B in a problem with two objectives. 
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Figure 6. Fronts for multiple ranks, and crowding distance for solution B 

illustration. 

The crowding distance of the elements in a front is 
computed by iterating in the M objective functions, sorting 
the elements using each objective and for each element 
accumulating the normalized value of the distance between 
the elements before and after in the ordered set. The 
boundary elements (element with smaller and higher value 
of each objective) are assigned with infinite value of 
crowding distance.  

3.3 MOSA 

The MOSA is an adaptation of the single objective 
simulated annealing [27] to the multi objective case. 
Because the nature of simulated annealing is to explore the 
neighborhood of a single tentative solutions, the adaptation 
to multi-objective requires changes in the structure of the 
search. The straightforward approach is create a weighted 
combination of the objectives, and find the set of Pareto 
optimal solutions with multiple runs of the SA with different 
weights, but finding the correct weights is complex. Another 
such adaptation can be found in [28], where the adaptation 
to the multi-objective case is done using an archive that 
stores the best solutions and the acceptance of a new 
solution is based on the dominance with respect to the 
archive not just the current solution. However by exploring 
the neighborhood of just one solution at a time the diversity 
of the solutions found suffers. 

The MOSA implementation in this work also follows an 
archive-based multi-objective simulated annealing 
technique, but exploring the neighborhood of the entire 
archive in each iteration instead of only a single point. In 
this way the diversity of the solutions explored is increased, 
another more practical advantage is that the simulation of 
multiples circuits in a batch is much more efficient that 
simulation a circuit at a time. The implemented MOSA is 
shown in algorithm 2, where a maximum number of 
iterations is used to control the annealing termination. 

Algorithm 2. Multi-Objective Simulated Annealing 

1 T = Tmax, iteration = 0 

2 archive = P Random Solution 

3 evaluate(archive) 

4 pareto = non-dominated-solutions(archive) 

5 while iteration < N do: 

6   neighbors = neighbor-foreach-element(archive) 

7   evaluate(archive) 

8   foreach element,neighbor u,v in archive,neighbors 

9     if v dominates u 

10       v replace u in archive 

11     else if u not-dominates v 

12       keep u, add v to archive 

13     else if rand(0,1) < exp(|f(u) – f(v)|/(|fu|.T)) 

14       v replace u in archive 

15   pareto = non-dominated-solutions(pareto + archive) 

16   crowding-distance-trim(pareto) 

17   crowding-distance-trim(archive) 

18   T = update(T), iteration++ 

19 return pareto 

The algorithm starts with P elements in the archive instead 
of only one, to increase the potential for more annealing 
branches. The acceptance is still made by metropolis 
criterion and the archive is trimmed by non-dominated 
sorting and crowding distance when its size exceed the 
maximum elements permitted. A Pareto set with all the non-
dominated solutions found is also kept, but since the new 
elements are neighbors of the original solution, the Pareto 
archive grows very fast in solutions that are very close to 



each other, so a crowding distance criterion is also used to 
trim the Pareto set. 

3.4 MOPSO 

The Particle Swarm Optimization algorithms (PSOs) 
introduced by Kennedy and Eberhart in 1995 [29], are partly 
inspired by the behavior of large animal swarms such as 
schooling fish, flocking birds or honey bees. PSO associates 
each particle as a candidate solution and lets them explore 
the search space. This technique is focused on the collective 
behavior of a distributed population of simple agents that 
interact locally with each other. 

The MOPSO follows the implementation described by 
[30], using external archive, turbulence, a fully connected 
topology and density estimator (crowding distance). In the 
single objective one of the critical factors in the 
implementation of a PSO is the selection of the leader, in the 
multi-objective case the issue persists, even worsening, as 
there are many options to select the leader.  

The method selected was to randomly select a solution 
from the Pareto to increase the pressures for improvement, 
other possibilities such as selecting a random solution from 
the non-dominated set of particles using crowding distance 
tournament between tow solutions to select the leader. The 
pseudo-code for the MOPSO is shown in algorithm 3. 

Algorithm 3. MOPSO 

1 step = 0 

2 particles = P new random solutions 

3 evaluate(particles) 

4 pareto = non-dominated-solutions(particles) 

5 while step < N do: 

6   foreach particle p in particles 

7     l = select-leader(pareto) 

8     update-particle(p, l) 

9     apply-turbolence(p) 

10   evaluate(particles) 

11   pareto = non-dominated-solutions(pareto + particles) 

12   crowding-distance-trim(pareto) 

13   step++ 

14 return pareto 

3.5 Multi-Kernel Algorithm 

Based on the previously described algorithms, available in 
the platform, new optimization methods that combine their 
techniques can be explored.  

One possible combination is to use multiple algorithms 
in parallel, as shown in Algorithm 4, sharing the elements to 
solve the problem more efficiently. The parallel combination 
uses a pool of elements that is divided between each kernel 
and evolved using a different approach. Each time is deemed 
to rearrange the elements between the kernels, is-merge-

step(step) is true, the pool of elements is redistributed 
among the kernels.  

The major decisions in this method are when to 
redistribute the elements and how that redistribution is done. 
A simple method to select when to rearrange the elements is 
to reorganize the samples at uniform periods of time, i.e. at 
each fixed number of steps, and that was the one 
implemented, more complex methods can be devised and 
are easy to add to the platforms. 

 

Algorithm 4. Parallel Multi-Kernel 

1 step = 0 

2 archive = P new random solutions 

3 evaluate(archive) 

4 pareto = non-dominated-solutions(archive) 

5 while step < N do: 

 // merge elements 

9   if is-merge-step(step) 

11     foreach kernel k in kernels[] 

       redistribute-elements(k, archive) 

 // execute optimization step 

6   foreach kernel k in kernels[] 

7     execute-kernel-step(k) 

   archive = collect-elements(kernels[]) 

15   pareto = non-dominated-solutions(pareto + archive) 

16   crowding-distance-trim(pareto) 

18   step++ 

19 return pareto 

Regarding the redistribution three methods were 
considered, a simple version that shuffles and reassign the 
elements to the different kernels to take advantage of the 
different explorations techniques, a more greedy approach 
following the same principle of using different methods to 
explore the same space but that selects only the best 
individuals using rank and crowding distance and setting the 
same individuals to all the kernels, another approach where 
the elements are sorted using some criteria and split in 
blocks allowing the algorithms to explore different regions 
of the search space.  

A different method to combine the kernels is 
sequentially, where the results from one kernel are passed as 
input to the next, as shown in Algorithm 5. With this 
combination it is possible to optimize a problem for example 
using 400 cycles using NSGAII and then 100 cycles of 
MOSA for fine tuning of the solutions. Both multi-kernel 
approaches use an external Pareto set that is used to store the 
best solutions achieved during the several iterations, even if 
they are not the elements being considered currently in the 
kernels. By combining these kernels the framework 
flexibility is further enhanced and possibly find 
combinations of the different methods that may be better 
that the individual kernels. However, the objective in this 
work is to provide the infrastructure to such a study and not 
to conduct that study itself. Nevertheless some of this 
approaches were experimented to show that the tool can 
now take advantage of such advanced combination of 
methods. 

Algorithm 5. Sequential Multi Kernel 

1 step = 0 

2 archive = P new random solutions 

3 evaluate(archive) 

4 pareto = non-dominated-solutions(archive) 

 k = 0 

5 while step < N do: 

   execute-kernel-step(kernels[k]) 

 // change elements 

9   if is-switch-step(step) 

     copy-elements(kernels[k], kernels[(k + 1)%K]) 

      k= (k + 1)%K] 

   archive = collect-elements(kernels[k]) 

15   pareto = non-dominated-solutions(pareto + archive) 

16   crowding-distance-trim(pareto) 

18   step++ 

19 return pareto 



4 RESULTS 

First an LC-Voltage Controlled Oscillator (VCO) is used to 
evaluate the performance of the single kernel methods. The 
tests with the oscillator were conducted before the 
implementation of the multi-kernel methods, as such the 
multi-kernel methods were not considered. To evaluate the 
multi kernel methods a two amplifiers were considered and 
the algorithms applied were the single kernel MOSA and 
NSGA, and the multi-kernel combination sMOSA-NSGAII. 

4.1 LC-Voltage Controlled Amplifier 

Before moving to the LC-VCO circuit optimization, a brief 
preliminary note on oscillator design is here given. In 
general the design of oscillators aims at minimizing two 
objectives: the phase noise and power consumption for a 
given oscillation frequency. Traditionally these conflicting 
objectives are reflected in the Figure-of-Merit (FOM) 
defined by Kinget [31] and shown in (3), where ω0 is the 
oscillation frequency, Pdc is the power consumption, Δω is 
the offset from the output frequency and L(Δω) is the 
oscillator phase noise, given by (4), the original Leeson’s 
equation [32], where Q is the loaded quality factor of the 
oscillator, k is the Boltzmann’s constant, T is the absolute 
temperature, Psig is the oscillation output power, F is the 
noise factor of the amplifier and Δω1/f3 is the corner 
frequency between ω1/f2 and ω1/f3 portion of the phase noise 
spectrum [33]. Finally, the more negative value of FOM (or 
higher absolute value), the better the performance of an 
oscillator. 
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This FOM is commonly used by designers to access the 
quality of the achieved solution, and is used in this work to 
compare the obtained solutions to other state of the art 
oscillator designs. The measures of the circuit performance 
are done using a test bench and circuit simulator. A test 
bench is a circuit that is used only in simulation, i.e. is not 
intended to be fabricated. It is used to simulate, load, and 
provide the means to measure the performance figures of the 
circuit under test, where a 1 pF load capacitance was used.  

The performance figures of the oscillator are measured 
using Synopsis’ HSPICE/RF® circuit simulator using an 
operating point analysis and a steady state analysis with 
harmonic balance of oscillation. In the case of the harmonic 
balance analysis, the tone was defined as 2.4 GHz, 
calculating a total of 20 harmonics. The extracted measures 
are listed and described in Table 5. The power consumption 
is calculated not considering the power drained by the 
external current source. 

Table 5. Oscillators' performance figures measured. 

ID Units Description 

PN dBc/Hz Phase Noise Measured @ 1 MHz 

P mW Power Consumption 

OF GHz Effective Oscillation Frequency 
OVS mV Differential Output Probe Voltage 

OVPn mV Overdrive Voltages of the PMOS nth Device (VTH-VGS) 

OVNn mV Overdrive Voltages of the NMOS nth Device (VGS-VTH) 
DPn mV Saturation Margin of the PMOS nth Device (VDSat-VDS) 

DNn mV Saturation Margin of the NMOS nth Device (VDS-VDSat) 

 

The electrical schematic of the LC-VCO circuit is in Figure 
7. The circuit optimization design flow starts by the 

definition of the design variables, the design objectives and 
the design constraints.  
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Figure 7. LC-Voltage Controlled Oscillator circuit schematic. 

The devices’ sizes constitute the variables in the 
optimization process, and their ranges define the search 
space that is explored during the sizing procedure. The 
variable names and ranges, considering both maximum and 
minimum values, as well as the precision of the search grid 
are presented in Table 6. The optimization variables are the 
following device model’s parameters: finger widths, lengths, 
and number of fingers of the transistors (and varactors (V1 
and V2)), outer diameter of the inductors, and the external 
biasing current Ibias. The index number in each variable is 
according to the device names in Figure 7. Note that a pair 
of twin varactors is used, M1 is equal to M2, M3 is equal to 
M4, and M5 is equal to M6, and all the variable ranges 
respect the technology available limits, in order to provide 
physically implementable solutions. 

Table 6. LC- VCO optimization variables and ranges. 

Variable (Unit) Min. Grid Unit Max. 

wvar,w1,w3,w5(μm) 1.0 0.1 10.0 

nfvar nf2,nf3 4 2 16 

nf5 4 2 32 

lvar,l1,l3,l5(nm) 120 10 920 

outd(μm) 90.00 0.01 290.00 

ib(mA) 0.1 0.1 5.0 

 
As stated before, the design objectives are the minimization 
of both phase noise at 1 MHz and power consumption and 
the design constraints that are considered in all optimization 
processes are presented in Table 7.  

Table 7. LC- VCO design constraints. 

Circuit Performance Constraint 

Power Consumption ≤ 6 mW 

Oscillation Frequency ≥ 2.4 GHz; ≤ 2.4835 GHz 
Output Signal Amplitude ≥ 100 mV 

Phase Noise@ 1 MHz ≤ -100.0 dBc/Hz 

Vth-VGS of M5 & M6 ≥ 80 mV 
VGS-Vth of M1, M2, M3 & M4 ≥ 80 mV 

VDSat-VDS of M5 & M6 ≥ 50 mV 

VDS-VDSat of M1, M2, M3 & M4 ≥ 50 mV 

 

The criteria used by the designer to set the constraints were 
the following: the LC-VCO amplification stage (namely M3, 
M4, M5 and M6) are set to operate in the moderate inversion 
region, therefore, their overdrive voltage is required to be 
greater or equal to 80 mV, while all devices are to be 
working in saturation hence their saturation margin is 
required to be greater or equal to 50 mV. The acceptable 
range for the oscillation frequency was chosen considering 
practical applications (being an ISM operating frequency 
band, according to the Federal Communications 



Commission rules). Finally, both power consumption and 
phase noise limitations were set taking into consideration the 
available and most recent publications on LC-VCOs.  

The equivalent MOO problem for the LC-VCO circuit 
design is obtained by applying the procedure described in 
section 3 and used to study the three single kernel multi-
objective strategies available in AIDA-CMK, a fixed 
number of evaluations (circuit simulations) was used, to 
provide a fair ground for the comparison between the 
different optimization strategies. The total amount of 
simulations in each test run was 64000. Two combinations 
of the number of elements the number of iterations were 
considered, in Runset I these values were {64, 1000} 
respectively, and in Runset II the values were {128, 500}; 
Both runsets include ten independent executions, using a 
different seed in the random number generator for each run, 
taken from a common set of seeds, i.e., the same seed was 
used for the same run of the different algorithms. 

To understand the evolution of the best solutions with 
the number of evaluations, intermediary results were stored. 
One additional run was executed using only NSGA-II 
considering a population size of 256 and 5000 generations. 
The purpose of such run was to find a better approximation 
of the true Pareto Optimal Front (POF) for this circuit, 
giving a reference to evaluate the overall quality of the 
solutions obtained previously. The evolution of the best 
power, phase noise and FOM found with the number of 
simulations for each optimization kernel in both runsets is 
illustrated in Figure 8. 

 
Figure 8. Evolution of the best Power, Phase-Noise and FOM with the 

number of simulations. (a) Best Power consumption for Runset I; (b) Best 
Phase-Noise for Runset I; (c) Best Figure-of-Merit for Runset I; (d) Best 

Power consumption for Runset II; (e) Best Phase-Noise for Runset II; (f) 

Best Figure-of-Merit for Runset II. 

The analysis of the results show that NSGA-II is much more 
efficient than MOPSO or MOSA, requiring fewer 
simulations to achieve the same solutions, and it is more 
consistent throughout the 10 runs. Interestingly, in Runset I 
the best FOM of the solutions of the NSGA-II actually gets 
slightly worse in one of the runs, Figure 8 (c). This is a side 
effect of the indirect optimization of the FOM and happens 
due to some fluctuations of the oscillating frequency within 
the feasible range, i.e., even though the optimization lead to 
solutions with better phase noise and/or power, at that point 
small differences in the oscillating frequency actually cause 
the FOM to get slightly worse. It is also relevant to notice 
that in one of the runs of the MOPSO, the best value of the 
phase noise was really good, being found in very few 
evaluations, Figure 8 (b), this is due to the stochastic nature 
of the techniques used, and that is why 10 runs were 
executed for each study. 

Nevertheless, even using the other algorithms, after a 
couple of hours, multiple LC-VCO are designed showing 
state-of-the-art FOMs even though the FOM is not being 
explicitly optimized. Figure 9, shows a zoom-in in the area 
of the Pareto fronts where the solutions with best FOM can 
be found, as stated before the NSGA-II reveal better results 
than both other two approaches, however all three 
approaches show results comparable to the POF obtained 
using 20 times more evaluations. 

 
Figure 9. Detailed view of the POF, showing the FOM for each solution. 

From the stand point of the RF designer, it is also important 
to note the local minima found in the FOM, {P1, …, P6}, 
these results show the tradeoffs between phase noise and 
power, all having extremely competitive FOM 
(≤ -191.5 dBc/Hz) but showing a variation of 147% in 
power consumption from 0.23 to 0.57 mW, while the phase 
noise is varies 4.3 dBc/Hz from -121.5 to -117.2 dBc/Hz.  

Table 8 summarizes the “best” results obtained in this 
case study, while comparing them to other published works. 
Here it can be seen that they achieve a FOM that is better 
when compared with other state-of-the-art LC-VCOs, while 
explicitly and efficiently exploring the design tradeoff 
between phase noise and power consumption. 

4.2 Single Stage Amplifier 

The amplifier topology using voltage combiners 
proposed in [34] was optimized to maximize the figure of 
merit (FOM) and maximize de low-frequency gain (GDC). 
By maximizing the FOM, the power consumption is 
minimized as well as the gain-bandwidth product (GBW) is 



maximized, as described by the FOM is in (5), where Cload is 
the load capacity and IDD is the current consumption. 

  (5) 
The circuit schematic is shown in Figure 10 and the 

performance figures are measured using Mentor Graphics 
Eldo® circuit. The extracted measures that can be used to 
define objectives as constraints are listed and described in 
Table 9. 

Table 9. Single Stage Amplifier performance figures. 

ID Units Description 

IDD A Current Consumption 

GDC dB Low-Frequency Gain 
GBW Hz Unity Gain Frequency 

PM degree Phase Margin 

FOM MHz * pF / mA Figure of Merit 
OVPn mV Overdrive Voltages of the PMOS nth Device 

OVNn mV Overdrive Voltages of the NMOS nth Device 

DPn mV Saturation Margin of the PMOS nth Device 
DNn mV Saturation Margin of the NMOS nth Device 
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Figure 10. Gain enhanced amplifier schematic. 

The optimization setup of the Gain enhanced amplifier was 
similar to the setup of the LC-VCO, the devices’ sizes that 
constitute the optimization variables were the width, length 
and the number of fingers of all the MOS devices, and the 
dimension ranges are presented in Table 10. 

Table 10. Gain enhanced amplifier optimization variables and ranges. 

Variable (Unit) Min. Grid 

Unit 

Max. 

l0, l1, l4, l6, l8, l10 (nm) 120 10 1000 
w0 w1 w4 w6 w8 w10 (μm) 1 0.1 10 

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

The optimization target were to maximize both the figure of 
merit (FOM) and low-frequency gain (GDC).and the 
constraints are shown in Table 11. 

Table 11. Gain enhanced amplifier optimization constraints. 

Circuit Performance Constraint 

FOM ≥ 1000 MHz.pF/mA 

IDD ≤ 350µA 

GDC ≥ 50dB 

GBW@6pF ≥ 30MHz 

PM ≥ 60º 

Vth-VGS of PM0, PM1, PM2, & PM3 ≥ 100 mV 
VGS-Vth of NM4, NM5, … NM12 ≥ 100 mV 

VDSat-VDS of PM0, PM1, PM2, & PM3 ≥ 50 mV 

VDS-VDSat of NM4, NM5, … NM12 ≥ 50 mV 

This is the optimization problem considered in the study of 
the multi-objective optimization of the Gain enhanced 
amplifier. The total amount of simulations in each test run 
was 64.000, the number of elements was 128, and the 
number of iterations was 500. The hybrid configuration used 
was a sequential NSGA-II-MOSA (sNSGA-MOSA) with 

400 NSGA iterations followed by 100 MOSA iterations. 
This choice was made based on the test results using 
mathematical functions. A few executions using a different 
seed for each run for each kernel were done. Figure 11 
shows the Pareto fronts of the simulations, where the 
NSGA-II and the Hybrid clearly outperform the MOSA. 
Both the NSGA-II and the sNSGA-MOSA showed very 
similar results.  

 
Figure 11. Gain enhanced amplifier optimization results 

4.3 Two Stage Diferential Amplifier 

The two-stage operational amplifier of Figure 12 loaded 
with a 10MΩ resistor in parallel with 1 pF capacitor and 
biased with a current of 10µA, is optimized for two 
objectives: maximize the bandwidth GBW while minimizing 
the current consumption. 
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Figure 12. Two-stage differential amplifier schematic 

The measures that are extracted from the circuit simulation 
and can be used to define objectives and constraints are 
listed and described in Table 12. 

Table 8. Summary of the most competitive LC- VCO solutions obtained 

showing other state-of-the-art results. 

  TECH. 
FREQ. 

[GHz] 

POWER 

[mW] 

Δf 

[MHz] 

L(Δf) 

[dBc/Hz] 

FoM 

[dBc/Hz] 

[37] (1) 90 nm 2.42 0.515 1.0 -119.7 -190.3 

[40] (2) 180 nm 2.4 0.60 1.0 -103.7 -173.5 

[39] (2) 180 nm 2.02 3.15 0.6 -118.9 -186.0 

[38] (2) 180 nm 2.63 0.432 0.4 -106.4 -186.4 

[35] (2) 90 nm 2.16 0.528 0.4 -106.2 -183.6 

[36] (2) 90 nm 2.40 0.564 1.0 -116.8 -186.9 

[36] (2) 130 nm 2.40 0.624 1.0 -117.1 -186.8 

T
h

is
 w

o
rk

(1
)  P1 

130 nm 2.40 

0.575 

1.0 

-121.5 -191.5 

P2 0.462 -120.7 -191.7 

P3 0.344 -119.9 -192.2 

P4 0.310 -118.8 -191.5 

P5 0.244 -117.6 -191.6 

P6 0.231 -117.2 -191.5 
1 Simulation;2 Measurement 



Table 12. 2 Stage Amplifier performance figures. 

ID Units Description 

IDD A Current Consumption 

GDC dB Low-Frequency Gain 

GBW Hz Unity Gain Frequency 

PM degree Phase Margin 

NO V / V Noise RMS 
SN V / √Hz Noise Density 

Sr  Slew Rate 

Voff V Offset Voltage 
PSRR V Power Supply Rejection Ratio 

OVPn mV Overdrive Voltages of the PMOS nth Device (VTH-VGS) 

OVNn mV Overdrive Voltages of the NMOS nth Device (VGS-VTH) 
DPn mV Saturation Margin of the PMOS nth Device (VDSat-VDS) 

DNn mV Saturation Margin of the NMOS nth Device (VDS-VDSat) 

The optimization variables are the width, length, number of 
fingers and number of rows of the MOS devices, and the 
length and number of fingers of the MOM capacitor. The 
variable ranges considered are indicated in Table 13. Table 
14 indicates the design specifications for this circuit working 
as a versatile low power DC buffer. 

This is the optimization problem considered in the study 
of the multi-objective optimization of the two stage 
amplifier. The total amount of simulations in each test run 
was 128.000, the number of elements was 128, and the 
number of iterations was 1000. The sNSGA-MOSA 
configuration was used again, switching the kernels on the 
700th iteration, resulting in 700 NSGA iterations followed 
by 300 MOSA iterations. Figure 13 shows the Pareto fronts 
obtained from a couple of independent runs. Again the 
sNSGA-MOSA and NSGA-II outperform the MOSA. The 
NSGA-II and sNSGA-MOSA presented very similar results 
on the center of the POF, sNSGA-MOSA clearly 
outperforms the NSGA in the edges of the POF. 

5 CONCLUSIONS 

The work presented in this paper corresponds to an 
innovative IC design automation approach by implementing 
an abstraction layer between the circuit optimization and the 
optimization engine. Moreover, by creating a flexible 
optimization framework that implements that abstraction 
layer two important goals were achieved: first it was 
possible in a very short period to develop comparative 
studies of three multi-objective optimization methods, 
namely the NSGAII, MOPSO and MOSA; secondly, two 
hybridization methods were proposed and tested in real 
analog circuits showing the potential of the implemented 
framework to help in the development and tailoring of 
innovative optimization methods for analog ICs. 
Furthermore, the new framework proved to be capable to 
accelerate and reduce the development time of new 
optimization methods by providing a seamless integration 
with the optimization method and potentiating the reuse of 
common strategies for particular operations in the algorithm. 
Additionally, by sharing strategies it is easy to experiment 
combinations of the available strategies and also to add new 
strategies. Finally, the achieved optimization kernel and its 
integration as part of the AIDAsoft solution proved to be at 
state-of-the-art level of EDA tools applied to analog IC 
sizing and optimization. 

Table 13. 2 Stage Amplifier optimization variables and ranges. 

Variable (Unit) Min. Grid Unit Max. 

l1, l4, l6, l8 (nm) 120 5 1000 

w1 w4 w6 w8 (μm) 1 0.1 10 
nf1, nf2, nf3, nf4, nf6, nf8 1 2 200 

lc(μm) 4.4 0.1 100 

nfc 14 2 198 

 

Table 14. 2 Stage Amplifier Constraints. 

Circuit Performance Constraint 

IDD ≤ 80 µA 

GDC ≥ 50dB 

GBW ≥ 1 MHz 

PM ≥ 55º 

PSRR ≥ 55dB 
SR ≥ 0.8 V/µs 

Voff ≤ 1 mV 

No ≤ 400 µVrms 
Sn ≤ 100 nV/√Hz 

Vth-VGS of M1, M2, M3, M4 & M5 ≥ 100 mV 

VGS-Vth of M6, M7 & M8 ≥ 100 mV 
VDSat-VDS of M1, M2, M3, M4 & M5 ≥ 50 mV 

VDS-VDSat of M6, M7 & M8 ≥ 50 mV 

 

 
Figure 13. Two-stage operational amplifier results. 
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