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Abstract

In this paper we present a new method which combines Genetic Algorithm with Steepest
Descend searching locally to efficiently optimize parameters in behavioural models. The
Steepest Descend Search makes use of the sensitivity information obtained from circuit
simulater, SPICE, which is so time-consuming that we’d like to extract as much information
as possible from it and do less of it. At the same time, to prevent the process from being
trapped into any local optimum, Genetic Algorithm is utilized. Such combination makes this
method to be capable of both exploitation (local search) and exploration (broad search) of the
search space. It overcomes the shortcomings of the individual methods while maintaining
their desirable features. The combined method is more efficient and more accurate than

either of the two individual schemes.

This general-purpose algorithm is able to find the optimal solution effeciently with desired ac-
curacy. It can be used to optimize any behavioural model as long as we have the behavioural
model with undetermined but bounded parameters and the desired frequency responce on

hand.

The experiments we tried showed the efficiency of the proposed method with greatly reduced

generation number in GA and simulation time as well as much better accuracy.

*This work is sponsored by U.S. Defense Advanced Research Projects Agency (DARPA) under grant number F33615-
96-1-5601 from the United States Air Force, Wright Laboratory, Manufacturing Technology Directorate.



Parameter Optimization for Behavioural Models
Using Genetic Algorithm combined with Steepest Desend Search

1. Introduction

Given a behavioural model with undetermined but bounded parameters and the desired responce
output, Parameter optimization has been a long-standing problem for circuit designers due to the lack
of a sufficiently accurate and efficient tool. The simplest but also the most time-consuming approach is
Monte-Carlo method which randomly search in the hyperplane of the parameter space, along with the
simulation of the selected parameter, trying to get the optimal parameter set after fully exploration of
the parameter space.

The motivation to develop an effecive parameter optimization scheme arises out of the necessity to
reduce the large number of circuit analysis required in the procedure.

There are two approach parties concerning this problem. Some researchers try some local minimum
search algorithms [7] to get the optimal result when given a template circuit with expert-assigned param-
eter values, while other researchers try some global optimization scheme such like Genetic Algorithm
[4], Smulated Anealing scheme [1] [3], aiming to get the global optimal solution only given a set of
parameter range of a behavioural model.

Obviously, the second group’s approach is of more pratical signifcance with no need of careful initial
estimates of the model parameters. However, consequently it requires much more CPU time rather than
more expert knowledge.

But, as optimized stochastic search engins, GA and SA both require much CPU time even when they
are closing to the optimal point. At this point, local search algorithm does nothing hurt if being used.

It would thus be more attractive to come out with an optimization tool combining these two ap-
proaches to be able to provide a good match between the desired and optimized device frequency
responce within a reasonable time.

Before we come up with a new method, let’s explore the characteristics of the parameter optimization

problem for behavioural model we’re facing:

1. The circuit analysis which is required to compute the objective function in GA or SA is time con-



suming and expensive especially for a large circuit. Therefore, it’s necessary to extract the maxi-

mum information from every analysis and try to save the simulation time as much as possible[6].

2. Unlike some Artificial Intelligence problem sovled by GA or SA, such as the traveling salesman
problem, which is difficult to get other evaluation of the attempted solution except the objective
function, our time-consuming simulation is always easy to supply the sensitivity information for
an attemped parameter set. Making use of these information will save much time especially when
you're close to the optimal solution, it’ll definitely better than do more iterations around the

optimal solution using GA or SA. because it’s guided.

3. There may exist many local minima in the constrained parameter space, and the global mininum
must be one of them. Besides, the local minimum with certain small error is also acceptable for

circuit engineers.

Based on these observations, we developed a new algorithm which combines Genetic Algorithm with
Steepest Descend Search. The steepest-descend method based on the sensitivity information obtained
from the SPICE, will rapidly lead to the local minimum using fibonacci line search. At the same time,
we take the advantage of the global search ability of Genetic Algorithm to overcome the local minimum
stucking. Basically, the Genetic algorithm explores the parameter space parallely, and the promising
solution is given special care by the Steepest Descend Search achieving the local minimum from it
rapidly to see if it satisfies the engineer’s accuracy requirement.

This paper is organized in the following manner. We describe genetic algorithm with local search in
Section 2, and concentrate on steepest descend local search in Section 3. Examples are presented in
section 4 to demonstrate the efficiency of the proposed appoach. Conclusions are finally given in Section

5.

2. Genetic Algorithm with Local Search

Genetic Algorithm(GA) is essentially a robust search algorighm which is suitable for problems having
comparatively larger solution spaces. The algorithm use randomized information exchange between the

solutions to obtain optimal solutions. It starts with a finite set of potential solutions called the initial



population and then apply the operators: reproduction, crossover and mutation repeatedly thereby
guiding the search towards better and better solutions. Apart from numerous applications of GA in
various areas, the use of GA in small-signal modeling can be found in [4].

A genetic algorithm for a particualr problem must have the following five components:

1. A genetic representation for potential solutions to the problem, every individual potential solution

is called genome.
2. A way to generate an initial population of potential solutions;
3. An objective function which decide the ”fitness” of the potential solution;
4. Genetic operaters that alter the composition of individuals;

5. Adjustable various parameters that the genetic algorithm uses, e.g. population size, probabilitics

of applying genetic operators, etc.

Shown as Figure 1, next we succintly give the outline of our extended Genetic Algorithm with featured

local search, followed by explanatory discussions about its components.

1. Generate randomly the initial population Pj,; of n individuals based on (1), and evaluate their

fitness based on (2),

2. Iteratively fitness — biased select parants from the old population P, apply crossover operator

on them to generate at most n new children and put them into the new population P,¢,
3. Apply mutation operator to the new population P,
4. Evaluate every individual of the new population based on cost function 2,

5. If the best individual of the previous populationP is better than the best individual of the new

population Py, include it in Pj,eq,-

6. Apply steepest descend search to m’ individules which is selected from m (m > m/)best individuals

Of PTZCUH

7. If the best solution doesn’t meet the accuracy criteria, and doesn’t exceed maximum CPU time,

go to 2,



8. Report the best solution, and exit.

A. The Genome representation

Each genome instance represents a single solution to the problem, in our porblem, it’s one bounded
parameter set. A set of potential solutions comprise a population.

How to encode the solution is the first question we encountered. Classical bit string representation of
solutions has dominated GA research for years. But, as [9] studied, it has some drawbacks when applied
to multidimensional, high-precision, especially, continuous, numerical problems. Either increasing the
precision or extending the representing domain requires binary coding to expand the binary length
rapidly, which would considerably slows down the algorithm. Using floating point representation is not
only straight forward but also scalable especially in parameter optimization problem which with quite
large high-precision domains. Neverthless, corresponding genetic operators have to be developed for
them.

Suppose we have k parameters needed to optimized in the behavioural model, each parameter x;,

min ,.max
i L

mar] respectively. We represent z; by a float variable directly, and

called gene, is bounded by [z
we denote a float-point genome, which is a combination of genes, as a parameter set vetor X =<
Tlyeee s Ljyene, Tl >

B. The Initialization

A good initialization stratedgy is important and meaningful for GA if it can fairly cover the solution
set. But, The simple random initialization is not good enough for our problem. Suppose one parameter
z; has a range of [10Q,10K €], given a random sampling, about 90% random sample will site in the
interval of [1KQ, 10K, little chance is give to the interval of [1092, 1K Q]. Such sampling method is
not desirable for circuit parameters, especially when the range is pretty large, it’s almost misleading.

Therefore, we decide to change the initialize stratedgy to fit this application better.

Given a random value r € [0,1.0], we initialize z; as:

z; = exp(log ™™ + r % (log 2™ — log 2™™));i =1, -, k. (1)

i i

to make sure it scatter well in every decade(?7).
C. Objective Function

The fittness of genome, an individual of the population, is calculated by the objetive function defined



in (2). Every parameter set is fed into the circuit simulator and the ouput is used to calculate the error
norm compared to the desired ouput. In this setting, we try to minimize the error, so the less value the

objective function give, the better the genome is.

(2)
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where N is the number of frequency point we sampled, hy, indicates the desired value of every frequency
point, || hy || is the magnitude of hg. and fi(X) is the SPICE output value of each frequency point
using the parameter set X,

C. Genetic Operators

Since the role of GA in this application is tend to be a globle search engine more than a local search
engine. We select a Elitist Expected Value GA as a template, which has robust global search behavior
as studied by De Jong[8], and extended by float genertic operators.

a) Select Operator

Selection is to choose the parents from the old population randomly but with a fitness bias. Individ-
uals with better fitness will have better chance to be chosen, which is based on survival-of-the-fittest
phylosophy. Typically, we employ the widely used stochastic remainder selection without replacement
[8] as the Selector function. To avoid population clustering and premature convergence the Linear
Scaling is used to scale objecture scores.

b) Crossover Operator

We adopt Two-Point-Crossover operator for float-point genome, by which the parameter sets will
change fewer parameters than One-Point-Crossover, illustrated by Figure ??. It can preserve the con-
sistency of parameter sets better in the algorithm. The crossover operator happens with probability
Pe-

¢) Non-Uniform Mutation Operator

This is a special mutation operator applied to float-point genome, with probability p,,. If X; =<
min .maz

xz

Z1,...,Ti,..., Tk > is a genome and element x; with the domain of []"", ]"%*] is selected for mutation,

. !
the result is a vector Xy 11 =< z1,...,2;,...,25 >,

, x; + A(t, 2" — z;) if a random flip is 0
T, = 1=1,...,k.

z; — A(t,z; — 2™") if a random flip is 1



and

Alt,y) =y * (1 —r1=7)"),

where the function A(¢,y) returns a value in the range [0, y] such that the probability of A(¢,y) being
close to 0 increases as t increases. This property causes mutation happens uniformly initially, and very
locally at later stages[9].

D. The Stopping Criterion

The Algorithm stops when the satisfying optimal parameter set is found, or the computation time
exceeds. Genetic Algorithm always comes to a convergence when the difference between the best fitness
and the average fitness of P is very small after many gernerations. But our approach is usually able to

get a optimal solution before it comes to the convergence.

3. Steepest Descend Local Search

As well known, genetic algorithms display inherent difficulties in performing local search for numerical
applications. We take GA as a preprocessor to perform the global search, and once the high performance
regions of the search space are identified by it, we invoked the steepest descend search routine to employ
the domain knowledge, the sensitivity information from the circuit simulator, to do fine local tuning.
Both of the accuracy and efficiency are greatly improved by this way.

Whenever we feel necessary to do local tuning, we employ SPICE to calculate the sensitivity of
parameter set X at each frequency point k, generating Wg—)({x) for real and imaginary part respectively.

But, considering the variety range of different parameter, we use normarized sensitivity gx(X) as defined

in (3). With them, we can get the differential value for objective function (2) by (4).

o0 (X) = afkgg%? (X) ”
ac 1 ff Re((fe(X) — hi) x ge(X)) + Im((f1(X) — hs) X gr(X)) @
90X Nx| h |l 1= VRe(fr(X) — hy)? + Im(fr(X) — hy)?

The steepest descend is defined by the iteration algorithm:

oC ,
X1 = Xt — oy % CB—Xi x (Xew _ xminy



where o is a nonnegative scalar selected minimizing C'(X;y1). In words, from the point X; we search
along the direction of the negative gradient to a minimum point along this line, the minimum point in
objective function is taken to be Xy ;.

The critical issue now is how to find the appropriate «y in a efficient way. In our approach, Fibonacci
line search method [10] is employed since it requires relative smaller number of calculations during line
search. Let d; is the initial width of uncertainty and dj is the width of uncertainty after k calculations.

Then
F(N—-k-1)

)dy

where F(n) are Fibonaci number and N is the specified calculation times in one line search. Due to
the exponential increase in Fibonaci sequence, if N is approproately selected (usually about 6-9), the
uncertainty dy will become small enough such that every point in it can be viewed as the minimum
point with very small errors.

Usually, after the initial measurement of three points (the first point is X;), the other points are
made symmetrically at a distance of (F(N — 1)/F(N))d; from the ends of the initial intervals. The
next uncertainty interval with length (F(N — 1)/F(N))d; is determined in such a way that lesser
value point will be a one of successive measurement point and the other point become a one end of
the uncerternty interval. So, each uncertainty determination only requires one measurement (SPICE
simulation). Such saving is essential when it’s so expensive to do the ciccuit simulation. The fiboncci
line seach with N=5 is illustrated in Fig. ?7. If there exist more than two minimum along a line, our
line seach at least can find one of them within certain pricision.

Another issue concerning find local minimum is to determine the maximum «; to make sure every

element of Xy still be bounded by its range.

Here, we firstly map the range of every parameter [z, 7] to [0.0, 1.0], and get the maximum «
to satisfy:
t min
Tt — ! aC
0.0<W—atxa—){<l.0



4. Experiments and Results

We:q We compared our algorithm with genetic algorithm alone without local search. The experiment
shows that the new algorithm greatly reduced the CPU time to optimize the parameter set of behavioral

models. The new algorithm only need about as % CPU time as the corresponding genetic algorithm

needs, with even higher precision.

Table 1 summarize the result of our experiment. We took miller.cir and single.cir for examples

respectively.

The parameters used in the extended GA is:
Size of one populationn = 50

The probability of crossover operationp, = 0.9
The probability of mutation operationp,,, = 0.002
Select m = 3 individuals from the best m=15 individuals for local search.

The parameters for the compared genetic algorithm alone are almost the same as the above except:
Size of one populationn = 100

Thereby, the CPU time required by two algorithm are almost the same. because,

the simulation times of GA alone = n = 100

the simulation time of our method = n +m  x simulation — time — per — local — search

And the average simulation-time-per-local-search is about 16 when using fibonacci search. Thus, the
above two value are almost equal. At the same time, the simulation time is the most significant part of
CPU time consumed. So, Comparation of the number of generation means the same as comparation of
CPU time.

On the other hand, assign bigger population siza the the mere GA is reasonable, because without
special local search engin, it needs more sampling to explore the solution space mroe thourouly.

Compared to other approaches by other reserachers, our method is still of its special significance,

although no stanard benchmark available right now. For example, Menozzi [4]
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Table 1:

5. Conclusion
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