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Abstract

This paper describes an application of the Learnable Evolution Model (LEM) to a digital signal filter parameter
identification problem, and compares its performance with that of two canonical genetic algorithms, GA1 and GA2.
The LEM method integrates symbolic learning and evolutionary computation. When the average fitness of a
population of solutions has not improved sufficiently during a Darwinian-type evolutionary computational process,
LEM generates a hypothesis as to what type of individuals may perform well. This hypothesis, in the form of
attributional rules, is then used for generating a new population of solutions. In the experiments on digital signal
filter parameter identification LEM significantly outperformed genetic algorithms GA1 and GA2.
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I ntroduction

Parameter estimation problems solved by steepest descent methods require the gradient of the error surface. Computation of
the gradient of a multi-modal error surface can be extremely computationally intensive for a problem with many variables.
Derivatives may not be readily available or defined over the search space. Genetic algorithms can be used to solve complex
parameter estimation problems. (Y ao, Sethares, 1994) With genetic al gorithms, unlike the steepest-descent approach,
computation of the gradient of the error surface is not necessary. The complexity of the fitness function of such a system
implemented with a genetic a gorithm grows only linearly with additional variables. Also, the inherent random nature of
genetic agorithms makes them less susceptible to finding local minima.

A magjor difficulty with genetic algorithmsisthat they are computationally inefficient due to their stochastic nature. A new
approach is offered by the Learnable Evolution Model (LEM), which was recently introduced by Michalski (1998, 1999).
LEM combines symbolic learning with evolutionary computation in a novel way and offers a computational advantage over
traditional genetic algorithms.

The symbolic learning stage is used to learn characteristics of advantageous populationsin order to generate populations that
minimize the cost function efficiently. The symbolic learning phase can be performed by different methods. LEM usesthe
AQ-type symbolic learning method (Michalski, 1973) in its implementation. Michalski and Zhang applied LEM and two
genetic algorithms, GA1 and GA2, to DeJong’s problem set (DeJong, 1975) and their inverse (Michalski, Zhang, 1998-
1999). In each test case, LEM outperformed GA1 and GA2.

This paper seeks to expand on this result using a newer version of AQ15, AQ18 (Michal ski, Kaufman, 1998), on a different
problem. LEM will be applied to the parameter optimization of two digital filters. We show that the LEM agorithm
outperforms the genetic algorithms GA1 and GA2 in solving these digital filter parameter identification problem.

Methods

The LEM agorithm works by alternating between genetic algorithm mode and symbolic learning mode. The switch is made
when the fitness of the population is no longer improving; that is, when either mode stagnates around the same fitness val ue.

The LEM agorithm is defined as follows (Michalski, 1998a,b):

1. Randomly, or according to certain prior rules reflecting domain knowledge, generate the starting population of
solutions (in the case of symbolic learning, solutions would be concept descriptions).

2. Execute the genetic algorithm mode (using standard selection, crossover and mutation operators), as long as the best
solution in a sequence of gen-length iterationsis better by the gen-threshold than the best solution found in previous
generations.

3. Execute the symbolic learning mode:

» Determine HIGH (high-performance) and LOW (low performance) solutionsin the current population, on
the basis of the value of the fitness function for a given task or problem.

*  Apply amachine learning method for characterizing differences between HIGH and LOW solutions.

»  Generate a new population of solutions by replacing not-HIGH individual s by those satisfying the learned
description of HIGH solutions; the selection of new solutions among those satisfying the description is
random or according to the predefined selection rules.

«  Continue the process as long as the best solution in a sequence of learn-length iterationsis better by the
learn-threshhold than the previously found best solution.

1. Switchto (2), and repeat the process. Continue switching between (2) and (3) until the termination condition is met
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(the generated solution satisfactory, or the allocated computation resources are exhausted).

The values of high and low fitness individuals are given to AQ18, which will then identify the gene patterns of the high
performing individuals. Thisinformation is used to generate a new population of individuals which are then evaluated using
the single fitness function.

The two equations to be solved by LEM are from digital signal processing and were used in apaper "Nonlinear Parameter
Estimation viathe Genetic Algorithm" (Y ao and Sethares, 1994).

Linear:
y(k) =-0.3y(k - 1) + 0.4y(k — 2) + 1.25u(k — 1) — 2.5u(k — 2) + n(k)
Non-linear:
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Where:

k —isthe sample index (or time)

n() — is a noise component ranging from -.25 to .25
u() — represents an inserted function (sin, step, etc.)

The problemisto identify the constant coefficients given alist of y(k) values for a number of k values. Four real valued genes
represent the coefficients-0.3, 0.4, 1.25, and -2.5 for both equations, and comprise a chromosome or "individual.” When
substituted in the equation, the individual's genes yield a result which is compared with the correct value. Thefitnessis
inversely proportional to the difference between the result and correct value. Therefore the individual whose gene
coefficients give the lowest error is assighed the highest fithess.

The genetic algorithm parameters we used are as follows, for both the linear and non-linear equations:

Gene representation Rea
Number of genes per individual 4

Gene landscape (constraint on range) -30t0 30
Number of individuals per generation 60
Maximum number of births 100,000
Maximum number of generations 1500
Experiments

Weran GA1, GA2, and LEM with the linear and nonlinear filters with three different input functions. Y ao and Sethares used
auniformly distributed random input over the interval (-2.5, 2.5). In addition to thisinput, we used a unit step function
2.5u(k) and a sine wave 2.5sin(I1/10) for comparison. The landscape function generated an output array based on a 200
sample input sequence and stored it for comparison against the populations. Populations were generated, and the fitness of
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each individual was calculated by computing the mean-squared error between the known system and the output generated by
the individual's genes. Y ao and Sethares defined the fitness of the individual asthe reciprocal of the mean-square error over
the 200 sample window:

1 200 sanples

Fitness = = — =
MeanSguardirrar anmpm?ﬁw(mdzwduaf = ko)

We ran each system, GA1, GA2, and LEM ten times for the linear and nonlinear filters using the sine, step, and uniform
random inputs. The GAs converged for every case. Since the initial populations were generated randomly, the convergence
rate varied greatly between populations and generations. We averaged the ten runs of each type together to try to get an
aggregate performance comparison, but we found that the performances varied so greatly that a few runs would dominate the
average. So instead of an average performance for each method, the following figures show learning curves from the three
systems with different input functions.

Figure 1. GA1 learning curve, nonlinear filter, sine wave input

Figure 2: GA1 learning curve, nonlinear filter, unit step input

Figure 3: GA1 learning curve, nonlinear filter, uniform noise input

Figure 4: GA2 learning curve, nonlinear filter, sine wave input

Figure 5: GA2 learning curve, nonlinear filter, unit step input

Figure 6: GA2 learning curve, nonlinear filter, uniform random noise input

Figure 7: LEM learning curve, nonlinear filter, sineinput

Figure 8: LEM learning curve, nonlinear filter, unit step input

Figure 9: LEM learning curve, nonlinear filter, uniform random noise input



LEM's symbolic learning phase is demonstrated by the dramatic drop in mean-square error when it has learned useful rules
for generating the next generation. LEM togglesinto symbolic learning mode roughly 10-800 times through out course of a
typical experiment. A dramatic drop in mean-sgquare error usually occurs within the first 100 generations.

Since we used four genes to represent the four weights of the filter, the error surface generated by the mean-square error is
four dimensional. A four dimensional error surface can be problematic for traditional search techniques. Traditional
techniques such as gradient descent and LM S are subject to finding local minima, and they would have to run parallel
solutions to achieve the robustness of a GA approach. LEM alleviates much of the computational cost of the GA by
accelerating the learning process with a series of symbolic learning cycles.

Summary

With LEM, we have shown that a genetic algorithm that is augmented by the use of a symbolic learning mechanism creates
significant speedups when compared to more traditional GAs. This speedup comes from LEM’s symbolic learning
mechanism, which creates rules from the observed differences between the poor performing individuals and high performing
individualsin a given population. New populations are generated based on these rules; that is, LEM will generate better
solutions based on observed patterns, as opposed to populations derived from stochastically driven GAs.

We ran severa experiments exercising GA1, GA2, and LEM on linear and non-linear filters for unit step, sine wave, and
noiseinput. Ineach case, LEM outperformed GA1 and GA2. LEM also converged closer to the optimal solution than did
the other GAs.

LEM, as we have demonstrated, is suitable for tackling complex search spaces. Finding strategies in planning problemsis
another areawhereby LEM could potentially do well.
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