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Abstract: This paper introduces a simulation-based
differential evolutionary optimization algorithm for
design of analog integrated circuits. This algorithm
happens to be much faster than other none derivative-
based algorithms mentioned in literature. A 2.4GHz
CMOS Gilbert Mixer has been chosen in this case. In
order to evaluate the time of convergence, the algorithm
is compared with a GA optimization procedure, using
automated iterations of MATLAB-APLAC in a 0.18u
process. The differential evolutionary algorithm proves
to be several times faster, even for smaller population
sizes.
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1 Introduction

With the fast growth of communication systems,
design of efficient high speed low power RF
circuits is becoming very important. Because of the
complexity of models in high frequencies and
reduction of supply voltages, the design of such
circuits is very time-consuming for the designer,
thereby computer aided design automation of such
circuits seems to be very helpful. Given a specified
topology, this tool should be able to find the
optimum values of circuit elements which satisfy
the needs.

There have been several analog tools developed for
specific applications such as operational amplifiers
and filters [1-8], but most of them suffer from low
precision and rough modeling due to use of simple
macro models [9, 10].

The methods which could be used for circuit
optimizations are divided to simulation-based and

equation-based methods. It is obvious that because
of high order effects and high frequency
phenomena in MOS transistors equation-based
methods are not reliable. Evolutionary algorithms
are among the best methods used for simulation-
based optimization. The reason is their adaptability
with discrete functions, higher speed compared to
random approaches, and not becoming trapped in
local optima.

Genetic algorithms (GA) are usually used in this
case. These algorithms are proven to find the
global optima, but as the complexity of circuit
increases their convergence time grows rapidly.
Thereby GA becomes useless for circuits of high
complexity. In order to solve this problem an
algorithm  called  Differential  Evolutionary
Algorithm (DE) is proposed. This algorithm has a
high convergence rate and is times faster than GA.
The DE algorithm is discussed in Section 2, in
Section 3 GA is compared with DE, Section 4
concerns the circuit optimization and Section 5
deals with simulation results.

2 Differential evolutionary algorithm

The DE algorithm is a population based algorithm
like genetic algorithms using the similar operators;
crossover, mutation and selection. The main
difference in constructing better solutions is that
genetic algorithms rely on crossover while DE
relies on mutation operation. This main operation
is based on the differences of randomly sampled
pairs of solutions in the population. The algorithm
uses mutation operation as a search mechanism
and selection operation to direct the search toward
the prospective regions in the search space. The
DE algorithm also uses a non-uniform crossover
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that can take child vector parameters from one
parent more often than it does from others. By
using the components of the existing population
members to construct trial vectors, the
recombination (crossover) operator efficiently
shuffles information about successful
combinations, enabling the search for a better
solution space [11].

DE is a parallel direct search method which utilizes
NP D-dimensional parameter vectors:
X6, 1=0,1,2,..,NP-1 (1)

NP doesn't change during the minimization
process. The initial population is chosen randomly
and should try to cover the entire parameter space
uniformly.

The crucial idea behind DE is a scheme for
generating trial parameter vectors. Basically, DE
generates new parameter vectors by adding the
weighted difference between two population
vectors to a third vector (Figure 1). If the resulting
vector yields a lower objective function value than
a predetermined population member, the newly
generated vector will replace the vector with which
it was compared in the following generation;
otherwise, the old vector is retained. In most cases,
it is also worthwhile to mix the parameters of the
old vector with those of the perturbed one. The
performance of the resulting vector is then
compared to that of the old vector [11, 12, 13, and
14].
X4
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Figure 1: An example of vector selection for a two
dimensional function

Vi,G+1 = Xrl,G +F ><(sz,e - Xr3,G) ()

With 1y, 1, 13 € [0, NP-1], integer and mutually
different, and assuming that Fe [0, 2]. Factor F

determines the weight of (X2 6-Xi3,6). This kind of
producing new vectors is called mutation, while
crossover (or recombination) is defined as follows:

Ui,G+1 = (UOi,G+1’U1i,G+1""’U(D-l)i,GJrl) 3)

When:

U Viea for j=(n)_ .(n+1)_,...(n+L-1),
B X, e forallother je[0,D-1]

“)
The acute brackets () p denote modulo function

with modulus D. The starting index, n, in (4) is a
randomly chosen integer from the interval [0, D-1].
The integer L, which denotes the number of
parameters that are going to be exchanged, is drawn
from the interval [1, D].

3 DE versus GA

Since GA and DE are both evolutionary algorithms
they are similar to each other. They both have
crossover, mutation, and selection. Their main
difference is due to order of their sections and the
way each procedure is carried out.

The first section of both algorithms is Initialization.
In this section random or typical values are chosen
for the circuit parameters. These parameters could
be transistors length and width, resistor or capacitor
values, bias voltages or currents or etc.

Initialization Initialization
v v
Evaluation Evaluation
v v
»  Mutation > Selection
v v
Recombination Recombination
v v
Evaluation Mutation
v v
Selection Evaluation
DE GA

Figure 2: DE and GA optimization procedures

Next stage is the evaluation stage. This section
analyzes the circuit and gathers output results. An
evaluation function allocates a number to each of
the individuals whose magnitude shows how good
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the obtained result is. The selection section
chooses the individuals for the next generation
with a probability according to their fitness. As it
could be seen in Figure 2 the selection section is
the last stage in DE algorithms this causes the next
generation to be most likely to comprise of the best
individuals of the current generation, while in GA
the mutation and recombination which is done
after the selection might lead to poor output results
(see Figure 2) and hence decrease the rate of
convergence. Furthermore, the way recombination
and mutation are performed in DE is different from
those of GA this may also help DE in its better
performance [15, 16].

4 Circuit optimization

The optimization flowchart is shown in Figure 3.
For a given topology MATLAB creates a
NETLIST file with random initial values for the
circuit parameters. A circuit simulator then
analyses the input NETLIST file and creates an
output file. MATLAB opens this file and analyzes
the results, and then it changes the parameter
values it had assumed in the first stage using one of
the specified algorithms. This loop continues until
a vector of objectives is satisfied [17].

Among the common circuit simulators, APLAC
was selected to analyze the NETLIST file. This
was mainly because of its ability to perform
Harmonic Balance analysis.

In order to compare DE with GA, a double
balanced Gilbert mixer was chosen. The needed
requirements were: conversion gain >13dB,
ITP3>5dBm, Noise Figure<9dB, Power<lOmW,
LO-IF Isolation>50dB

MATLAB
[r T e — e —— =
I I
I I
! Compute Optimization Modify |
| Fitness Algorithm Circuit Netlist |
I I
I I

Circuit
Simulator

Figure 3: Optimization Procedure

Table 1: Circuit specifications

Voo Process Fio Fre Rioap

1.8v 0.18um 2.25 GHz 2.5 GHz 500 Q

The circuit specifications and requirements are
shown in Table 1 and Table 2 accordingly.

Table 2: Problem requirements

. . Noise LO-IF
Conversion Gain 1P Figure Power Isolation
>13dB >5dBm <9dB | <10mW >50dB

Assuming that (error)y is defined as desired values
of Table 2 minus the actual values when the results
are poorer than the desired value and zero if the
actual value is better, fitness will be defined as:

5
fitness = (error), (%)
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Figure 4: Circuit topology

Figure 4 shows the circuit topology to be optimized; the
variables whose optimum values are to be found are the
MOS transistors aspect ratios, biases plus the resistor
values; however it is obvious that for the circuit to
become symmetric some transistors should have
identical aspect ratios. Therefore the circuit parameters
were defined as follows:

e WI1 =RF MOSFETs aspect ratio
e W2 =LO MOSFETs aspect ratio

e W3 = Current mirror MOSFETs aspect
ratio
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e W4 = Current source MOSFET aspect ratio
e VRF =DC voltage of RF port
e VLO =DC voltage of LO port

The GA parameters and its bit allocation are shown
in Table 3 and Table 4 accordingly.

Table 3: GA parameters

Population

. Crossover | Mutation | Elitism
size

Generation

80 50 1 0.05 0.025

Table 4: GA bit allocation

Variable Vio VRre w1 W2 W3 W4 Rs Rrer

Bit 6 6 11 11 11 11 7 8

DE parameters are shown in Table 5, the iteration
and population size were chosen equal to those of
GA to provide equal circumstances for both circuits

Table 5: DE parameters

Population

Method .
size

Iteration F CR

DE/rand/1 80 50 0.3 0.8

5 Simulation results

A comparison has been made between the results of
GA and DE in Table 6.

Table 6: Optimization Results

Algorithm Conversion | | pg | NOise | oo | LO-IF
Gain Figure Isolation
GA 12.47 dB 301 8.5dB | 15mW | 60.18 dB
dBm
5.26
DE 13.33dB 7.95dB | 9mW 52.3dB
dBm

Table 7 shows the optimum values obtained using
DE method.

Table 7: Optimum values obtained using DE

Vio Vre Wi W, W, W, Rs Rrer

1.18 | 0.86 | 4.0E-5 | 5.2E-5 | 3.4E-6 | 3.28E-5 | 2.37 | 420.5

Figure 5 compares maximum fitness between GA
and DE. As it could be seen DE’s convergence time
is much smaller and it converges much faster. One
of the methods for showing the superiority of one
algorithm to another is comparing their fitness

average per generation. Figure 6 compares fitness
average between the two algorithms.

1D-T ' ' ' o oAl

*  DE
gl |
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Figure 5: Best fitness per generation

Average of Fithess

] 10 20 a0 40 0
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Figure 6: Fitness average per generation

6 Conclusion

In this paper a simulation-based optimization
procedure was proposed for design of a Gilbert
mixer; however this is a general method and can be
used for any other types of analog circuit. If the
circuit configuration is predetermined the software
can optimize the device sizes in order to meet a
vector of objectives. This method also needs a
much shorter convergence time compared to
Genetic Algorithms and therefore can help to
reduce the cost and marketing time.
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